
ABSTRACT 

BITTNER, ASHLEY SARAH. Field Evaluation of Air Quality Sensors in Ambient and Near-

Source Biomass Burning Environments. (Under the direction of Dr. Andrew Grieshop). 

Globally, the combustion of biomass, organic material from plants and animals, is a major 

contributor to gas and particle air pollution. Biomass combustion can be contained (e.g., an energy 

source) or occur openly (e.g., wildfire, prescribed burning). Emissions from these activities may 

contribute to elevated ambient pollutant concentrations, impacting local and regional air quality, 

and expose nearby populations leading to negative health outcomes.  

It is difficult to assess and quantify impacts from global biomass burning due to a lack of 

representative emission measurements and large gaps in the existing air quality monitoring 

network. Reference grade equipment is costly and complex, requiring human and technical 

resources and regular maintenance. Instruments must be sited sparsely to optimize their benefit. 

Traditional ambient monitors are stationary, confining their use to one small region leaving large 

swaths of area without access to ambient air quality information. Sophisticated emissions 

monitoring equipment is often restricted to laboratory uses for similar reasons, making it difficult 

to collect field measurements of emissions from sources during actual use. These technologies are 

often prohibitively expensive for low-income countries, as a result many of which have little or no 

data available on local emission sources or air quality conditions. In response to these challenges, 

manufacturers, researchers, and even the public have turned to portable and low-cost air quality 

sensors. These technologies may offer a compact, lightweight, and easily transportable alternative 

and may be ideal for remote settings given that they require little power and can be deployed 

quickly and affordably. Despite their promise, questions remain about the durability and sensitivity 

of the sensors, the resulting data quality, and for which kind of applications they are suitable.  

To investigate the ability of these technologies to address existing data gaps, the goal of 

this work is to develop methods to evaluate the performance of portable and low-cost technologies 

under diverse conditions impacted by biomass burning emissions and to demonstrate potential 

field applications of such sensors. Three case studies are used to explore this goal: 1) the 

deployment of a temporary ambient air quality monitoring network across central and southern 

Malawi, 2) the characterization of emissions from traditional household and small-scale industry 

sources typical in rural Africa, and 3) the evaluation of a mobile monitoring system to characterize 

air quality conditions in several US locations impacted by wildland fire.  

The results suggest that portable and low-cost sensor measurements are most reliable when 

the deployment environment is identical, or highly similar, to the environment used to calibrate 

and evaluate the sensor. The first case study revealed that long-term, ambient measurements made 

in deployment environments different from the assessment environment can be unreliable and 



difficult to interpret, especially in locations with distinct seasonal changes and areas close to 

ultrafine aerosol sources. However, the second case study showed that properly calibrated, high-

concentration range sensors were suitable to characterize field emission measurements from 

traditional household and industry biomass combustion sources. In-home measurements were 

comparable to literature measurements of similar sources and measurement uncertainty was small 

compared to inter-sample variation. Further, in the final case study, calibrated mobile 

measurements in wildfire-impacted regions were found to be reliable compared to the stationary 

network, suggesting that mobile sensors can play a vital role in assisting emergency response 

personnel needing real-time, actionable information on smoke conditions. Overall, the findings of 

this research support the use of portable and low-cost technologies for spatially and temporally 

diverse applications, while reinforcing the need for proper evaluation and calibration. This work 

provides templates for methodologies to evaluate such sensors while highlighting the need for 

additional research aimed at finding consistent methodologies to improve their long-term 

reliability and functionality.  

 

  



 

 

 

 

 

 

 

 

 

 

 

© Copyright 2023 by Ashley Sarah Bittner 

All Rights Reserved   



Field Evaluation of Air Quality Sensors in Ambient and Near-Source Biomass Burning 

Environments 

 

 

 

by 

Ashley Sarah Bittner 

 

 

 

A dissertation submitted to the Graduate Faculty of 

North Carolina State University 

in partial fulfillment of the  

requirements for the degree of 

Doctor of Philosophy 

 

 

 

Civil Engineering 

 

 

 

Raleigh, North Carolina 

2023 

 

 

 

APPROVED BY: 
 
 
 

_______________________________                       _______________________________ 
Dr. Andrew Grieshop                                      Dr. Fernando Garcia Menendez 
Committee Chair 
 
 
_______________________________                       _______________________________ 
Dr. Markus Petters                        Dr. Jeremiah Johnson 
 
 
_______________________________                      
Dr. H Christopher Frey 



 

ii  

DEDICATION  

To my family - past, present, and future.  

 

 

 

 

 

 

 

 

 

 

 

 



 

iii  

BIOGRAPHY  

Ashley S. Bittner was born in Norfolk, Virginia in 1994. She received a Bachelor of 

Science in Physics from the University of North Carolina at Chapel Hill, graduating in 2016. The 

summer of her sophomore year at UNC-CH, Ashley became involved in astrophysics research, 

receiving both a university sponsored fellowship and a grant from NASA. After graduating, she 

worked as a field research assistant for another group at UNC-CH and travelled to Rwanda and 

Ghana. In 2017, Ashley began pursuing a graduate degree to study air quality at North Carolina 

State University. Starting in August 2021, Ashley began an internship at the U.S. Environmental 

Protection Agencyôs Office of Research and Development which transitioned into a part-time pre-

doctoral position that lasted through the completion of her doctoral degree. At the EPA, she worked 

on a project evaluating and deploying mobile air quality monitoring systems. She plans to pursue 

a long-term federal career at the agency in Research Triangle Park, NC.  

 



 

iv 

ACKNOWLEDGMENTS  

First, I acknowledge and thank my faculty advisor, Dr. Andrew Grieshop. His unwavering 

belief in my abilities kept me at NC State after I had trouble transitioning into graduate school. His 

mentorship, attention to detail, and unfailing positive attitude not only made me a better student 

and researcher, but also helped me to fully enjoy the degree program and process. As my advisor, 

he made possible multiple opportunities, including international and domestic field work 

experiences, conference travel around the U.S., and an internship at the U.S. Environmental 

Protection Agency. I am extremely grateful for having been his student, through which I have 

gained a lifelong supporter, mentor, and friend.  

I thank Dr. Amara Holder at the U.S. EPA for her mentorship and support, beginning 

during my time as an intern. Her distinctive ability to provide quick, succinct feedback and 

direction leaves room for growth and flexibility, without creating any uncertainty. She has gone 

out of her way to create additional opportunities for me at the U.S. EPA, for which I am immensely 

grateful.  I look forward to continuing to work alongside her on our shared research interests.  

In addition to my current committee members, Dr. Fernando Garcia Menendez, Dr. Markus 

Petters, and Dr. Jeremiah Johnson, I thank my former committee member, Dr. H. Christopher Frey. 

Though he was unable to attend my final oral defense due to his appointment as the Assistant 

Administrator for the U.S. EPA Office of Research and Development in 2021, during his time on 

my committee he provided invaluable insight, and he never missed an opportunity to ask a probing 

question. The feedback and guidance from my PhD committee undoubtedly made me a more 

confident researcher and communicator. I am immensely grateful for the time they each committed 

to my personal progress.  

I thank my undergraduate research advisor, and oftentimes my personal cheerleader, Dr. 

Sheila Kannappan. Without her, I never would have entered (much less survived) the vast world 

of academic research. All my present skills are built on a foundation which she constructed. I also 

would like to thank Dr. Pamela Jagger, my post-undergraduate research advisor, who first helped 

me bridge the gap from astronomy and physics research to environmental engineering and air 

quality. She took me all around the world and back again, pushed me to do things I never thought 

I was capable of, and never expressed an inkling of doubt about my ability. She also personally 

introduced me to Dr. Grieshop, for which I am so very thankful.  

I am especially thankful for all the current and former members of the Grieshop 

Atmospheric and Environmental Laboratory, and many other CCEE department students. Even if 

it were possible to get through this degree program without their friendship, loyalty, insight, 

encouragement, and advice, I would not want to.  



 

v 

Finally, I am thankful for my family, consanguineous and matrimonial, who taught me 

ñwhyò when all the others mentioned taught me ñhowò. Lastly, and ultimately, I thank my adoring 

husband, Davis, who has supported, loved, and motivated me more than he will ever know. Though 

I made myself a ñDr.ò, he has made me a mother, the greatest gift of all. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

vi 

TABLE OF CONTENTS  

LIST OF TABLES  ....................................................................................................................... xi 

LIST OF FIGURES .................................................................................................................... xv 

Chapter 1: Introduction  ............................................................................................................... 1 

1.1 Motivation ............................................................................................................................. 1 

1.2 Research objectives ............................................................................................................... 3 

1.3 Chapter summaries ............................................................................................................... 5 

1.3.1 Chapter 2: Performance characterization of low-cost air quality sensors for off-

grid deployment in rural Malawi ............................................................................................ 5 

1.3.2 Chapter 3: Long-term air quality trends in central and southern Malawi observed 

from low-cost sensor packages ............................................................................................... 5 

1.3.3 Chapter 4: Characterizing emissions from diverse domestic biofuel uses in rural 

Malawi .................................................................................................................................... 6 

1.3.4 Chapter 5: Expanding mobile and stationary PM2.5 measurement capabilities 

near wildland fire .................................................................................................................... 6 

1.3.5 Chapter 6: Conclusions .................................................................................................. 6 

Chapter 2: Performance characterization of low-cost air quality sensors for off-grid 

deployment in rural Malawi  .................................................................................... 7 

2.1 Introduction ........................................................................................................................... 8 

2.2 Methods .............................................................................................................................. 10 

2.2.1 ARISense sensor packages........................................................................................... 10 

2.2.2 Reference instrumentation ........................................................................................... 11 

2.2.3 Gas sensor collocation and calibration ........................................................................ 11 

2.2.4 OPC-N2 collocation and calibration ............................................................................ 13 

2.2.5 Assessment metrics ...................................................................................................... 14 

2.2.6 Deployment to Malawi................................................................................................. 14 

2.2.7 Remote sensing and reanalysis data ............................................................................. 17 

2.3 Results and Discussion ....................................................................................................... 17 

2.3.1 Gas sensor performance during collocation ................................................................. 17 

2.3.2 OPC-N2 performance during collocation .................................................................... 21 



 

vii  

2.3.3 Gas sensor performance during deployment ................................................................ 24 

2.3.3.1 Bivariate histograms ............................................................................................. 25 

2.3.3.2 Diurnal trends........................................................................................................ 27 

2.3.4 OPC-N2 performance during deployment ................................................................... 30 

2.3.5 Comparison of ARISense CO to remote sensing and reanalysis data ......................... 32 

2.3.6 Comparison to other ambient measurements in SSA .................................................. 35 

2.3.7 Performance of ARISense sensor packages over time................................................. 36 

2.4 Conclusions ......................................................................................................................... 39 

2.5 Data & code availability ..................................................................................................... 41 

2.6 Author contribution ............................................................................................................. 42 

2.7 Competing interests ............................................................................................................ 42 

2.8 Acknowledgments .............................................................................................................. 42 

Chapter 3: Long-term air quality trends in central and southern Malawi observed 

from low-cost sensor packages .............................................................................. 44 

3.1 Introduction ......................................................................................................................... 44 

3.2 Methods .............................................................................................................................. 46 

3.2.1 ARISense sensor packages........................................................................................... 46 

3.2.2 Calibration modelling .................................................................................................. 47 

3.2.3 OPC-N3 collocation in NC .......................................................................................... 47 

3.2.4 Deployment to Malawi................................................................................................. 48 

3.3 Results ................................................................................................................................. 48 

3.3.1 OPC-N3 performance .................................................................................................. 48 

3.3.2 Data recovery in Malawi .............................................................................................. 51 

3.3.3 Meteorological trends .................................................................................................. 53 

3.3.4 Pollutant trends ............................................................................................................ 55 

3.3.5 Long term trends .......................................................................................................... 57 

3.3.6 Temporal trends ........................................................................................................... 58 

3.3.6.1 Burning and non-burning seasons ......................................................................... 58 

3.3.6.2 Wet and dry seasons.............................................................................................. 60 

3.3.6.3 Weekday and weekend ......................................................................................... 62 



 

viii  

3.3.7 Diel scaling factors for rural cooking emission activity .............................................. 62 

3.3.8 Source-influenced and background periods ................................................................. 62 

3.4 Discussion ........................................................................................................................... 65 

3.5 Conclusions ......................................................................................................................... 66 

3.6 Acknowledgements ............................................................................................................. 66 

Chapter 4: Characterizing emissions from diverse domestic biofuel uses in rural 

Malawi  ..................................................................................................................... 68 

4.1 Introduction ......................................................................................................................... 68 

4.2 Methods .............................................................................................................................. 70 

4.2.1 Study design and sample selection............................................................................... 70 

4.2.2 Biomass burning sources ............................................................................................. 71 

4.2.3 Instrumentation ............................................................................................................ 72 

4.2.4 Emission and air pollutant concentration measurements ............................................. 73 

4.2.5 Emission factor calculations ........................................................................................ 74 

4.3 Results and discussion ........................................................................................................ 75 

4.3.1 Household cooking ...................................................................................................... 77 

4.3.2 Alcohol production ...................................................................................................... 80 

4.3.3 Brick and stove making kilns ....................................................................................... 81 

4.3.4 Charcoal production ..................................................................................................... 82 

4.3.4.1 Sensitivity to carbon balance assumptions ........................................................... 84 

4.3.4.2 Charcoal yield ....................................................................................................... 85 

4.3.4.3 Issues with previous inventories ........................................................................... 86 

4.3.5 Representativeness of grab sampling ........................................................................... 87 

4.3.6 Air pollutant concentrations from fenceline sampling ................................................. 87 

4.3.7 Implications for cookstove interventions ..................................................................... 90 

4.4 Conclusions ......................................................................................................................... 91 

4.5 Author contributions ........................................................................................................... 94 

4.6 Acknowledgements ............................................................................................................. 94 

Chapter 5: Expanding mobile and stationary PM2.5 measurement capabilities near 

wildland fire  ............................................................................................................ 95 

5.1 Introduction ......................................................................................................................... 95 



 

ix 

5.2 Methods .............................................................................................................................. 98 

5.2.1 Vehicle Add-on Mobile Monitoring System ............................................................... 98 

5.2.2 Quality assurance and control ...................................................................................... 99 

5.2.3 Field sampling strategy ................................................................................................ 99 

5.2.4 Data sets for performance assessment ....................................................................... 100 

5.2.4.1 Large chamber experiments ................................................................................ 100 

5.2.4.2 Cedar Creek wildfire ........................................................................................... 100 

5.2.4.3 Monument wildfire ............................................................................................. 100 

5.2.4.4 Konza Prairie prescribed burns ........................................................................... 101 

5.2.5 Additional instrumentation ........................................................................................ 101 

5.2.5.1 PurpleAir PA-II sensors ...................................................................................... 101 

5.2.5.2 Research grade instruments ................................................................................ 102 

5.2.5.3 Reference grade monitors ................................................................................... 102 

5.2.6 Corrections ................................................................................................................. 102 

5.2.6.1 VAMMS ............................................................................................................. 102 

5.2.6.2 PurpleAir ............................................................................................................. 102 

5.2.6.3 Ambilabs nephelometer ...................................................................................... 103 

5.2.7 Data processing .......................................................................................................... 103 

5.2.7.1 Temporal alignment and averaging .................................................................... 103 

5.2.7.2 ñApproximate AQIò ............................................................................................ 104 

5.2.7.3 Assessment metrics ............................................................................................. 104 

5.2.7.4 Open-access scripts and tools ............................................................................. 104 

5.3 Results and discussion ...................................................................................................... 105 

5.3.1 Performance during controlled chamber experiments ............................................... 105 

5.3.2 Performance under large wildfire conditions ............................................................. 105 

5.3.2.1 Cedar Creek ........................................................................................................ 105 

5.3.2.2 Monument wildfire ............................................................................................. 108 

5.3.3 Performance under near-field burning conditions ..................................................... 111 

5.3.4 Interpretation of high-time resolution measurements ................................................ 113 

5.3.5 Comparison to other mobile monitoring studies ........................................................ 116 

5.3.6 Uses and limitations ................................................................................................... 117 



 

x 

5.4 Conclusions ....................................................................................................................... 118 

5.5 Author contributions ......................................................................................................... 119 

5.6 Acknowledgements ........................................................................................................... 119 

Chapter 6: Conclusions ............................................................................................................ 120 

6.1 Findings and implications ................................................................................................. 120 

6.1.1 Chapter 2 summary .................................................................................................... 120 

6.1.1.1 Key findings ........................................................................................................ 120 

6.1.1.2 Implications......................................................................................................... 121 

6.1.2 Chapter 3 summary .................................................................................................... 122 

6.1.2.1 Key findings ........................................................................................................ 122 

6.1.2.2 Implications......................................................................................................... 123 

6.1.3 Chapter 4 summary .................................................................................................... 123 

6.1.3.1 Key findings ........................................................................................................ 123 

6.1.3.2 Implications......................................................................................................... 124 

6.1.4 Chapter 5 summary .................................................................................................... 125 

6.1.4.1 Key findings ........................................................................................................ 125 

6.1.4.2 Implications......................................................................................................... 126 

6.2 Overarching conclusions ................................................................................................... 126 

6.3 Future research directions ................................................................................................. 127 

REFERENCES .......................................................................................................................... 130 

APPENDICES ........................................................................................................................... 151 

Appendix A : Supplementary material for Chapter 2 ............................................................. 152 

Appendix B : Supplementary material for Chapter 3 ............................................................. 193 

Appendix C : Supplementary material for Chapter 4 ............................................................. 201 

Appendix D : Supplementary material for Chapter 5 ............................................................. 221 

 
 



 

xi 

LIST OF TABLES  

Table 2-1: Calibration modelling inputs for each gas sensor (CO = carbon monoxide, NO = 

nitrogen oxide, NO2 = nitrogen dioxide, Ox = oxidants) and model combination (óAllô indicates k-

nearest neighbor (kNN) hybrid, random forest (RF) hybrid, high-dimensional model representation 

(HDMR), multi-linear regression (MLR), and quadratic regression (QR).ȹV is the voltage 

difference between the working electrode (WE) voltage and the auxiliary electrode (AE) voltage 

measured by each electrochemical gas sensor, RH = relative humidity, T = temperature, DP = dew 

point. ............................................................................................................................................. 13 

Table 2-2: Project timeline of collocations, deployment, and emissions monitoring experiments. 

The description under each period indicates the activity conducted during that timeframe. The 

location of the activity is given in parenthesis. ............................................................................. 17 

Table 3-1: Annual mean PM2.5 concentration, relative humidity, temperature, wind direction, wind 

speed, carbon monoxide, nitric oxide, nitrogen dioxide, and ozone concentration at each site for 

the years data are at least 75% complete or higher. NO data were only available for the years 2017 

and 2018. ....................................................................................................................................... 57 

Table 4-1: Emission Factors (EF) in g pollutant per kg fuel wood DM. MCE = modified 

combustion efficiency, CO2 = carbon dioxide, CO = carbon monoxide, PM2.5 = particulate matter 

with aerodynamic diameter less than 2.5 micrometers, OC = organic carbon, EC = elemental 

carbon, BC = black carbon, n = number of tests in each sample. The mean and standard deviation 

of the sample are shown in the table as mean ± std dev. .............................................................. 76 

Table 4-2: Solid product measurements for earthen mound (EM) charcoal kiln experiments. ... 83 

Table 5-1: Overview of events included in this analysis. For type, Lab = laboratory experiment, 

Rx = prescribed burning, WF = wildfire. óData Removedô refers to the percentage of the data set 

identified as a local source (e.g., dust from roadway) and excluded (Section 2.7). The mean, 

median and maximum PM2.5 concentration (µg m-3) calculated from the 1-min averaged VAMMS 

data from each campaign are given. n/a = not applicable. .......................................................... 100 

Table 5-2: Overview of instruments used to evaluate the VAMMS. FEM = Federal Equivalent 

Method. ....................................................................................................................................... 101 

Table A-1: U.S. EPA recommended performance metrics and target values for low-cost gas 

(ozone) and particle sensor evaluation. Adapted from Tables ES-2 (Duvall et al., 2021a, b). ppbv 

= parts per billion by volume. 154 

Table A-2: NASA Goddard Earth Sciences Data and Information Services Center (GES-DISC) 

Interactive Online Visualization and Analysis Infrastructure information used to obtain MOPITT 

observations for two locations (ñVillage Meanò and ñUniversityò) in Malawi.......................... 161 

Table A-3: NASA Goddard Earth Sciences Data and Information Services Center (GES-DISC) 

Interactive Online Visualization and Analysis Infrastructure information used to obtain MERRA-

2 observations for two locations (ñVillage Meanò and ñUniversityò) in Malawi. ...................... 162 



 

xii  

Table A-4: ARI013 performance metrics for each gas sensor calibrated by the five modelling 

approaches used in this study: k-nearest neighbor (kNN) hybrid, random forest (RF) hybrid, high-

dimensional model representation (HDMR), multi-linear regression (MLR), and quadratic 

regression (QR). Metrics were calculated only on a subset of the pre-colocation data that was not 

used to train the models. CO = carbon monoxide, NO = nitrogen oxide, NO2 = nitrogen dioxide, 

Ox = oxidants. R2 = Coefficient of Determination, cV = Coefficient of Variation, RMSE = Root 

Mean Square Error, Slope and Intercept are the fit regression coefficients from simple linear 

regression. ................................................................................................................................... 164 

Table A-5: ARI014 performance metrics for each gas sensor calibrated by the five modelling 

approaches used in this study:  k-nearest neighbor (kNN) hybrid, random forest (RF) hybrid, high-

dimensional model representation (HDMR), multi-linear regression (MLR), and quadratic 

regression (QR). Metrics were calculated only on a subset of the pre-colocation data that was not 

used to train the models. CO = carbon monoxide, NO = nitrogen oxide, NO2 = nitrogen dioxide, 

Ox = oxidants. R2 = Coefficient of Determination, cV = Coefficient of Variation, RMSE = Root 

Mean Square Error, Slope and Intercept are the fit regression coefficients from simple linear 

regression. ................................................................................................................................... 165 

Table A-6: ARI015 performance metrics for each gas sensor calibrated by the five modelling 

approaches used in this study:  k-nearest neighbor (kNN) hybrid, random forest (RF) hybrid, high-

dimensional model representation (HDMR), multi-linear regression (MLR), and quadratic 

regression (QR). Metrics were calculated only on a subset of the pre-colocation data that was not 

used to train the models. CO = carbon monoxide, NO = nitrogen oxide, NO2 = nitrogen dioxide, 

Ox = oxidants. R2 = Coefficient of Determination, cV = Coefficient of Variation, RMSE = Root 

Mean Square Error, Slope and Intercept are the fit regression coefficients from simple linear 

regression. ................................................................................................................................... 166 

Table A-7: Metrics from the MicroPEM and uncorrected and RH-corrected OPC-N2 observations 

during collocation for three averaging intervals. R2 = Coefficient of Determination, cV = 

Coefficient of Variation, RMSE = Root Mean Square Error, Slope and Intercept are the fit 

regression coefficients from simple linear regression. ............................................................... 169 

Table A-8: Metrics for RH-corrected, 1-hr averaged data stratified by ambient concentration (as 

measured by MicroPEM), RH, and wind direction. R2 = Coefficient of Determination, cV = 

Coefficient of Variation, RMSE = Root Mean Square Error, Slope and Intercept are the fit 

regression coefficients from simple linear regression. ............................................................... 171 

Table A-9: Performance metrics of PM2.5 mass concentration measurements from the Alphasense 

OPC-N2 (ARI023) compared to the mass-corrected MicroPEM nephelometer during collocation 

in Malawi. The number of data points in all three scenarios are identical, but the assumed kappa 

value, applied as part of an RH-correction algorithm, is different. This RH-correction algorithm is 

based on the kappa value and óshiftingô the bin cut-offs (Di Antonio, et al. 2018). In this case, the 

assumed density is held constant, and the kappa value is changed. ə = 0.6 is the empirical value 

which achieved the best agreement between an OPC-N2 and reference data in the UK (Di Antonio 

(2018)). ə = 1 indicates an aerosol mixture with appreciable amounts of inorganics (theoretical 

value, based on Petters & Kreidenweis (2007)). ə = 0.15 was reported to be the continental average 

value for Africa, based on Pringle et al, 2010 and Pope at. al, 2018 (modelled and observed). Data 



 

xiii  

are 60-min averaged. R2 = Coefficient of Determination, cV = Coefficient of Variation, RMSE = 

Root Mean Square Error. ............................................................................................................ 172 

Table A-10: Performance metrics of PM2.5 mass concentration measurements from the 

Alphasense OPC-N2 (ARI023) compared to the mass-corrected MicroPEM nephelometer during 

collocation in Malawi. The number of data points in all scenarios are identical, but the assumed 

kappa value, applied as part of an RH-correction algorithm, and the assumed density is different 

in each. This RH-correction algorithm is based on the kappa value and óshiftingô the bin cut-offs 

(Di Antonio, et al. 2018). Species data (ə and density) based on Hagan & Kroll (2020) & Petters 

& Kreidenweis (2007). Data are 60-min averaged. R2 = Coefficient of Determination, cV = 

Coefficient of Variation, RMSE = Root Mean Square Error. .................................................... 172 

Table A-11: ARI013 post-collocation performance metrics for each gas sensor calibrated by the 

five modelling approaches used in this study: k-nearest neighbor (kNN) hybrid, random forest 

(RF) hybrid, high-dimensional model representation (HDMR), multi-linear regression (MLR), and 

quadratic regression (QR). CO = carbon monoxide, NO = nitrogen oxide, NO2 = nitrogen dioxide, 

Ox = oxidants. R2 = Coefficient of Determination, cV = Coefficient of Variation, RMSE = Root 

Mean Square Error, Slope and Intercept are the fit regression coefficients from simple linear 

regression. ................................................................................................................................... 186 

Table A-12: ARI014 post-collocation performance metrics for each gas sensor calibrated by the 

five modelling approaches used in this study: k-nearest neighbor (kNN) hybrid, random forest 

(RF) hybrid, high-dimensional model representation (HDMR), multi-linear regression (MLR), and 

quadratic regression (QR). CO = carbon monoxide, NO = nitrogen oxide, NO2 = nitrogen dioxide, 

Ox = oxidants. R2 = Coefficient of Determination, cV = Coefficient of Variation, RMSE = Root 

Mean Square Error, Slope and Intercept are the fit regression coefficients from simple linear 

regression. ................................................................................................................................... 187 

Table B-1: The average fraction of the total daily CO concentration in each hour from both village 

sites and the average of the two village sites using data from Year 1 (2017-2018). The hour of day 

indicates the hours past midnight. ............................................................................................... 200 

Table C-1: Summary of experimental methods for each industry emission source. Firing time 

indicates the combustion lifetime of each source. Grab sampling refers to primary emissions 

measurements made using the Stove Emission Measurement System. Fenceline sampling refers to 

air pollutant concentrations measured upwind and downwind of the source during the combustion 

period using óARISenseô and MicroPEM instruments. ALC = corn alcohol, BRK =  brick kiln, 

CMK = clay stove firing kiln, EM = earth mound charcoal kiln, (est) = estimate. .................... 211 

Table C-2: Summary of experimental data alcohol production tests. ALC = corn alcohol. ..... 212 

Table C-3: Summary of experimental data fired clay kiln test. BRK = brick kiln, CMK = chitetezo 

mbaula kiln, (est) = estimate. ...................................................................................................... 212 

Table C-4: Summary of wood species used during earth mound (EM) charcoal kiln tests ....... 213 

Table C-5: The four studies used to inform our carbon balance assumptions and sensitivity 

analysis. Charcoal carbon % is the carbon content of the charcoal product, charcoal yield is the 



 

xiv 

efficiency or carbonization rate of the kiln, Cwood% is the carbon content of the original fuel 

wood, Ccharcoal % is the fraction of wood carbon partitioned to the charcoal product, Cbrands % 

is the fraction of wood carbon partitioned to brand by-products, Cliquids% is the fraction of wood 

carbon partitioned to liquid by-products, and Cgases % is the fraction of wood carbon partitioned 

to atmospheric products. Some studies, including ours, opt to combine the brands and liquids into 

one by-product category. ............................................................................................................ 215 

Table C-6: Ratio of methane (CH4) and non-methane organic carbon (NMOC) to carbon 

monoxide (CO) emissions from five literature sources. The third column is only the carbon mass 

of NMOC; we assume that g C per g NMOC is 0.51 (Bertschi et. al 2003). ............................. 216 

Table C-7: Charcoal kiln emission factors from literature sources and this study, given in units of 

grams pollutant per kilogram of fuel wood dry matter consumed. CO2 = carbon dioxide, CO = 

carbon monoxide, CH4 = methane, TSP = total suspended particles, TNMOC = total non-methane 

organic carbon, OC = organic carbon, EC = elemental carbon, and BC = black carbon, BB EI = 

biomass burning emission inventory, African EI = African emission inventory. The values are 

presented as the mean ± standard deviation. ............................................................................... 217 

Table C-8: Charcoal kiln emission factors from literature sources and this study, given in units of 

grams pollutant per kilogram of charcoal produced. MCE = modified combustion efficiency (%), 

CO2 = carbon dioxide, CO = carbon monoxide, CH4 = methane, TSP = total suspended particles, 

TNMOC = non-methane organic carbon, BB EI = biomass burning emission inventory. The values 

are presented as the mean ± standard deviation (or coefficient of variation in the case of Smith et 

al. 1999). ..................................................................................................................................... 218 

Table D-1: Performance statistics from the five PurpleAir (corrected with Holder et al. (2020) 

smoke-correction) compared to the FEM BAM-1022 monitor at the Oakridge AQMS. Data were 

1-hr averaged. R2 = coefficient of determination, slope and intercept are the fit coefficients from 

a linear regression, RMSE = root mean square error, and NRMSE = normalized root means square 

error. ............................................................................................................................................ 226 

Table D-2: GPS coordinates, ID number, name, N = number of data points (2-min averaged) 

during which VAMMS passed within range, and mean distance from the VAMMS (in meters)  for 

those passages for each of the twenty-seven PurpleAir sensors included in the Monument wildfire 

analysis.  Data were obtained through the Remote Sensing Information Gateway Application 

Programming Interface (API) using an API key available through PurpleAir, Inc. ................... 228 

Table D-3: The percentile, COV threshold, and percentage of data removed for each sampling run 

included in this analysis. The event for each file is also given. .................................................. 230 

Table D-4: Summary statistics for large chamber performance evaluation of VAMMS. R2 is the 

coefficient of determination, RMSE is root mean square error, and NRMSE is normalized. .... 234 

 

 



 

xv 

LIST OF FIGURES 

Figure 1.1: Simple schematic of the linkages between biomass burning source emissions and air 

quality, with a focus on topics explored in this dissertation. Greyed out items indicate topics not 

covered, but of significance to the research themes. ...................................................................... 5 

Figure 2.1: (a) Satellite map of Malawi in southeast Africa, (b) three ARISense monitoring sites 

in Malawi, (c) satellite map of Village 1, and (d) satellite map of Village 2. Blue markers indicate 

ARISense monitoring sites. Red óXôs indicate the location of known biomass cookstoves within 

50 m of the monitoring site. Image source: Google Earth Pro Version 7.3.4.8248. University, 

Village 1, and Village 2, Malawi, South-eastern Africa. Borders and labels layer. Accessed: June 

5, 2020. © Google Earth 2021. ..................................................................................................... 16 

Figure 2.2: Performance comparison of gas sensors (a) CO, (b) NO, (c) NO2, and (d) O3 as 

calibrated by the five types of modelling approaches adopted for this study (kNN hybrid, RF 

hybrid, HDMR, MLR, QR). The model type is indicated by color and marker shape. An individual 

data point represents the paired metrics (RMSE and R2) for one ARISense monitor. Since there 

are three ARISense (ARI013, ARI014, ARI015) monitors, there are three markers for each gas 

sensor-model combination. RMSE is root mean square error. R2 is the coefficient of determination 

(-infinity Ò R2 Ò 1). The lower left corner region of each panel indicates the highest performance 

based on these metrics. ................................................................................................................. 20 

Figure 2.3: Scatter plots of RH-corrected PM2.5 mass concentration measurements from the OPC-

N2 versus mass-corrected PM2.5 measurements from the MicroPEM at 1 min (a), 1 h (b), and 24 

h (c) averaging intervals. Data points are colored according to RH (%) conditions. The number of 

data points (N) and linear fit lines and regression coefficients (m, b) are given in red as Y = mx + 

b. Additional metric values are inset: R2 is the coefficient of determination, RMSE is root mean 

square error (units of ɛg m-3) assuming the MicroPEM is the reference instrument, and cV is 

coefficient of variation. The black, dashed line is a 1:1 line. ....................................................... 22 

Figure 2.4: Performance comparison of the RH-corrected Alphasense OPC-N2 compared to the 

MicroPEM under different environmental conditions: (a) wind direction, (b) ambient 

concentration, and (c) relative humidity during collocation at the Village 2 site in Mulanje, Malawi. 

An individual data point represents the paired metrics (RMSE and R2) for the OPC-N2 for a 

specific range of each condition. The histograms (inset) show the normalized frequency 

distributions for the ranges of each condition recorded during the collocation period. The colored 

markers in each panel correspond to the colored histogram bins. The metrics were calculated from 

60-min averaged RH-corrected OPC-N2 PM2.5 concentrations compared to the MicroPEM mass-

corrected nephelometer. RMSE is root mean square error, assuming the MicroPEM concentrations 

as the true values; R2 is the coefficient of determination. The lower left corner region of each panel 

indicates the highest performance based on these metrics. ........................................................... 23 

Figure 2.5: Bivariate distributions of gas sensor calibration model data inputs (RH, T, and Ox, 

CO, NO, and NO2 differential voltage) for each ARISense monitor using kernel density 

estimation. Density is reflected in the color scheme; Darker colors indicate more data points in that 

region. Training data collected during collocation in North Carolina are shown in grey; data 

collected during deployment to Malawi are shown in color. ARI013 was deployed to the Village 

file:///G:/My%20Drive/Grad%20School/PhD%20Milestones/Final%20Defense/ETD-BITTNER-Ashley-May31-2023.docx%23_Toc136458158
file:///G:/My%20Drive/Grad%20School/PhD%20Milestones/Final%20Defense/ETD-BITTNER-Ashley-May31-2023.docx%23_Toc136458158
file:///G:/My%20Drive/Grad%20School/PhD%20Milestones/Final%20Defense/ETD-BITTNER-Ashley-May31-2023.docx%23_Toc136458158
file:///G:/My%20Drive/Grad%20School/PhD%20Milestones/Final%20Defense/ETD-BITTNER-Ashley-May31-2023.docx%23_Toc136458163
file:///G:/My%20Drive/Grad%20School/PhD%20Milestones/Final%20Defense/ETD-BITTNER-Ashley-May31-2023.docx%23_Toc136458163
file:///G:/My%20Drive/Grad%20School/PhD%20Milestones/Final%20Defense/ETD-BITTNER-Ashley-May31-2023.docx%23_Toc136458163
file:///G:/My%20Drive/Grad%20School/PhD%20Milestones/Final%20Defense/ETD-BITTNER-Ashley-May31-2023.docx%23_Toc136458163
file:///G:/My%20Drive/Grad%20School/PhD%20Milestones/Final%20Defense/ETD-BITTNER-Ashley-May31-2023.docx%23_Toc136458163


 

xvi 

2 site, ARI014 to the Village 1 site, and ARI015 to the University site. Regions where the 

deployment distributions overlap with the NC collocation distributions indicate the regimes for 

which the calibration models were trained. Regions where the deployment location distributions 

extend beyond the NC collocation distributions indicate regimes where the calibration models 

must extrapolate to estimate pollutant concentrations. These regions are indicated by overlaid 

markers óxô and ó+ô and are discussed in the text. ........................................................................ 26 

Figure 2.6: Diurnal trends of calibrated gas measurements (rows) at each site (columns) in the 

three deployment environments. QR model built for and applied to CO data only. The thick line 

indicates hourly mean, the shaded region indicates interquartile range. Midnight is the zero hour. 

The hours are in local time............................................................................................................ 28 

Figure 2.7: Diurnal trends of the integrated mean PM2.5 mass concentration measured by the 

OPC-N2 in each ARISense at each deployment site (left axis) and the annual relative humidity at 

the Village 2 site (right axis). Error bars represent the calculated 1ů (68%) prediction interval of 

the hourly mean value. The red text annotation indicates the upper limit of the Village 1 prediction 

interval at 6 AM (beyond the range of shown y-axis). Thick lines indicate hourly mean and shaded 

regions indicate interquartile range. .............................................................................................. 31 

Figure 2.8: Monthly carbon monoxide (CO) concentration (ppb) reported by the surface ARISense 

(Tukey box plots) and remote sensing data products (lines and markers indicating mean monthly 

value) at the (a) Village Mean and (b) University sites. Top and bottom of boxes indicate 75th and 

25th percentiles, whiskers show 9th and 91st percentiles, midline indicates median, and stars 

indicate mean. The ARISense surface data were at least 80% complete for each month except 

where noted with a percentage text label. Data for July 2017 and July 2018 were averaged. Village 

Mean represents the average of ARI014 (Village 1) and ARI013 (Village 2) data. The annual mean 

from each data source is given on the right axis. MOPITT (Multispectral CO Surface Mixing Ratio 

Daytime/Descending) is a satellite measurement; MERRA-2 (CO Surface Concentration -

ENSEMBLE) is a global reanalysis product. ............................................................................... 33 

Figure 3.1: Timeline of ARISense deployments from July 2017 to July 2022. The months are 

abbreviated by the first letter where J = July, A = August, S = September, etc. The serial numbers 

of the ARISense units are given at each site. Shaded areas indicate the months for which we 

recovered data. The opacity of the shade is an indicator of data completeness where lighter colors 

mean less data in that month. Gas & Met = gas and meteorological sensor data, Particle = OPC-

N2/N3 data. ................................................................................................................................... 47 

Figure 3.2: Scatter plots of the OPC-N3 in ARI023, ARI031, and ARI033 compared to each other 

during the collocation in NC. The data are 1-hr averaged (N=150). The linear regression fit 

coefficients (y = mx + b) where m = slope and b = intercept, and the coefficient of determination 

(R2) are given. The coefficient of variation across all three sensors is given as the CV. ............. 49 

Figure 3.3: PM2.5 concentration measured by the OPC-N3 instruments and the Teledyne T640. 

Data are a) 1-hr averaged and b) 24-hr averaged. Grey points are uncorrected data and points 

colored by relative humidity (RH) are RH-corrected. A one-to-one line is shown as a black dotted 

line................................................................................................................................................. 51 

file:///G:/My%20Drive/Grad%20School/PhD%20Milestones/Final%20Defense/ETD-BITTNER-Ashley-May31-2023.docx%23_Toc136458163
file:///G:/My%20Drive/Grad%20School/PhD%20Milestones/Final%20Defense/ETD-BITTNER-Ashley-May31-2023.docx%23_Toc136458163
file:///G:/My%20Drive/Grad%20School/PhD%20Milestones/Final%20Defense/ETD-BITTNER-Ashley-May31-2023.docx%23_Toc136458163
file:///G:/My%20Drive/Grad%20School/PhD%20Milestones/Final%20Defense/ETD-BITTNER-Ashley-May31-2023.docx%23_Toc136458163
file:///G:/My%20Drive/Grad%20School/PhD%20Milestones/Final%20Defense/ETD-BITTNER-Ashley-May31-2023.docx%23_Toc136458163
file:///G:/My%20Drive/Grad%20School/PhD%20Milestones/Final%20Defense/ETD-BITTNER-Ashley-May31-2023.docx%23_Toc136458163
file:///G:/My%20Drive/Grad%20School/PhD%20Milestones/Final%20Defense/ETD-BITTNER-Ashley-May31-2023.docx%23_Toc136458165
file:///G:/My%20Drive/Grad%20School/PhD%20Milestones/Final%20Defense/ETD-BITTNER-Ashley-May31-2023.docx%23_Toc136458165
file:///G:/My%20Drive/Grad%20School/PhD%20Milestones/Final%20Defense/ETD-BITTNER-Ashley-May31-2023.docx%23_Toc136458165
file:///G:/My%20Drive/Grad%20School/PhD%20Milestones/Final%20Defense/ETD-BITTNER-Ashley-May31-2023.docx%23_Toc136458165
file:///G:/My%20Drive/Grad%20School/PhD%20Milestones/Final%20Defense/ETD-BITTNER-Ashley-May31-2023.docx%23_Toc136458165
file:///G:/My%20Drive/Grad%20School/PhD%20Milestones/Final%20Defense/ETD-BITTNER-Ashley-May31-2023.docx%23_Toc136458165
file:///G:/My%20Drive/Grad%20School/PhD%20Milestones/Final%20Defense/ETD-BITTNER-Ashley-May31-2023.docx%23_Toc136458166
file:///G:/My%20Drive/Grad%20School/PhD%20Milestones/Final%20Defense/ETD-BITTNER-Ashley-May31-2023.docx%23_Toc136458166
file:///G:/My%20Drive/Grad%20School/PhD%20Milestones/Final%20Defense/ETD-BITTNER-Ashley-May31-2023.docx%23_Toc136458166
file:///G:/My%20Drive/Grad%20School/PhD%20Milestones/Final%20Defense/ETD-BITTNER-Ashley-May31-2023.docx%23_Toc136458166
file:///G:/My%20Drive/Grad%20School/PhD%20Milestones/Final%20Defense/ETD-BITTNER-Ashley-May31-2023.docx%23_Toc136458166
file:///G:/My%20Drive/Grad%20School/PhD%20Milestones/Final%20Defense/ETD-BITTNER-Ashley-May31-2023.docx%23_Toc136458166
file:///G:/My%20Drive/Grad%20School/PhD%20Milestones/Final%20Defense/ETD-BITTNER-Ashley-May31-2023.docx%23_Toc136458166
file:///G:/My%20Drive/Grad%20School/PhD%20Milestones/Final%20Defense/ETD-BITTNER-Ashley-May31-2023.docx%23_Toc136458166
file:///G:/My%20Drive/Grad%20School/PhD%20Milestones/Final%20Defense/ETD-BITTNER-Ashley-May31-2023.docx%23_Toc136458166
file:///G:/My%20Drive/Grad%20School/PhD%20Milestones/Final%20Defense/ETD-BITTNER-Ashley-May31-2023.docx%23_Toc136458166
file:///G:/My%20Drive/Grad%20School/PhD%20Milestones/Final%20Defense/ETD-BITTNER-Ashley-May31-2023.docx%23_Toc136458169
file:///G:/My%20Drive/Grad%20School/PhD%20Milestones/Final%20Defense/ETD-BITTNER-Ashley-May31-2023.docx%23_Toc136458169
file:///G:/My%20Drive/Grad%20School/PhD%20Milestones/Final%20Defense/ETD-BITTNER-Ashley-May31-2023.docx%23_Toc136458169
file:///G:/My%20Drive/Grad%20School/PhD%20Milestones/Final%20Defense/ETD-BITTNER-Ashley-May31-2023.docx%23_Toc136458169


 

xvii  

Figure 3.4: Monthly mean temperature (°C) at the four monitoring sites in Malawi for the full 

deployment period. The shaded boxes indicate the 95% confidence interval in the mean. No 

requirement was set for data completeness in this figure. ............................................................ 52 

Figure 3.5: Diurnal and monthly trends of relative humidity (%) and temperature (C) at all four 

monitoring sites for the full monitoring period. Data were hourly averaged and required to be at 

least 75% complete. ñHourò represents the hours past midnight.................................................. 54 

Figure 3.6: Frequency of counts by wind direction (%) for the four deployment sites compiled 

using data from all years. The units are in mph. The data were hourly averaged and required to be 

75% complete................................................................................................................................ 55 

Figure 3.7: Diurnal trend of PM2.5 and CO for all four sites for the full monitoring period. The 

data were hourly averaged and required to be 75% complete. ñHourò represents the hours past 

midnight. ....................................................................................................................................... 56 

Figure 3.8: Diurnal trend of NO, NO2  and O3 for all four sites for the full monitoring period. NO 

data were only available in 2017 and 2018. The data were hourly averaged and required to be 75% 

complete. ñHourò represents the hours past midnight. ................................................................. 57 

Figure 3.9: Monthly trends of PM2.5 and CO concentration at all four monitoring sites for the full 

monitoring period. Data were hourly averaged and required to be at least 75% complete. ......... 59 

Figure 3.10: Diurnal trends of PM2.5 and CO concentration at all four monitoring sites for each of 

the four seasons. Data were hourly averaged and required to be at least 75% complete. ñHourò 

represents the hours past midnight. ............................................................................................... 61 

Figure 3.11: Timeseries of PM2.5 mass concentration measured by the OPC-N2 in ARI015 at the 

University site. SI = ósource influencedô and BG = óbackgroundô, as identified using a cut-off value 

of the CO_WE/Bin0 ratio. ............................................................................................................ 63 

Figure 3.12: (Top) Diurnal patterns of CO concentration (right axis, solid line) and Bin 0 counts 

(left axis, dashed lined) at all sites. The average value of both concentrations is shown as a line. 

The interquartile range is shown as shaded fill (darker fill corresponds to CO; lighter fill 

corresponds to Bin 0). (Bottom) Diurnal patterns of CO (left axis, solid line) and PM2.5 (right 

axis, dashed lined) concentrations at all sites. The average value of both concentrations is shown 

as a line. This figure uses CO data calibrated by the QR model (Section 2.2.3). ......................... 63 

Figure 4.1: Overview of the industrial and residential sectors, energy tasks, and emission sources 

in Malawi. N represents the number of events. TSF = Three Stone Fire, CM = chitetezo mbaula, 

Mud = mud stove. ṓSources where nearby air pollutant concentrations were measured in a 

ófencelineô configuration in addition to primary emissions measurements (see Section 2.5 on 

sampling methodology). ............................................................................................................... 71 

Figure 4.2: Carbon monoxide (CO) and (b) PM2.5 emission factors in units of grams pollutant per 

kilogram of fuel burned for the three-stone fire (TSF), mud stove (MUD), and chitetezo mbaula 

(CM) cookstove groups. (c) Ratio of black carbon (BC) to PM2.5 for each cookstove group. The 

number in parenthesis indicates N tests. The box shows the 25th to 75th percentile, the median is 

file:///G:/My%20Drive/Grad%20School/PhD%20Milestones/Final%20Defense/ETD-BITTNER-Ashley-May31-2023.docx%23_Toc136458170
file:///G:/My%20Drive/Grad%20School/PhD%20Milestones/Final%20Defense/ETD-BITTNER-Ashley-May31-2023.docx%23_Toc136458170
file:///G:/My%20Drive/Grad%20School/PhD%20Milestones/Final%20Defense/ETD-BITTNER-Ashley-May31-2023.docx%23_Toc136458170
file:///G:/My%20Drive/Grad%20School/PhD%20Milestones/Final%20Defense/ETD-BITTNER-Ashley-May31-2023.docx%23_Toc136458172
file:///G:/My%20Drive/Grad%20School/PhD%20Milestones/Final%20Defense/ETD-BITTNER-Ashley-May31-2023.docx%23_Toc136458172
file:///G:/My%20Drive/Grad%20School/PhD%20Milestones/Final%20Defense/ETD-BITTNER-Ashley-May31-2023.docx%23_Toc136458172
file:///G:/My%20Drive/Grad%20School/PhD%20Milestones/Final%20Defense/ETD-BITTNER-Ashley-May31-2023.docx%23_Toc136458173
file:///G:/My%20Drive/Grad%20School/PhD%20Milestones/Final%20Defense/ETD-BITTNER-Ashley-May31-2023.docx%23_Toc136458173
file:///G:/My%20Drive/Grad%20School/PhD%20Milestones/Final%20Defense/ETD-BITTNER-Ashley-May31-2023.docx%23_Toc136458173
file:///G:/My%20Drive/Grad%20School/PhD%20Milestones/Final%20Defense/ETD-BITTNER-Ashley-May31-2023.docx%23_Toc136458175
file:///G:/My%20Drive/Grad%20School/PhD%20Milestones/Final%20Defense/ETD-BITTNER-Ashley-May31-2023.docx%23_Toc136458175
file:///G:/My%20Drive/Grad%20School/PhD%20Milestones/Final%20Defense/ETD-BITTNER-Ashley-May31-2023.docx%23_Toc136458176
file:///G:/My%20Drive/Grad%20School/PhD%20Milestones/Final%20Defense/ETD-BITTNER-Ashley-May31-2023.docx%23_Toc136458176
file:///G:/My%20Drive/Grad%20School/PhD%20Milestones/Final%20Defense/ETD-BITTNER-Ashley-May31-2023.docx%23_Toc136458176
file:///G:/My%20Drive/Grad%20School/PhD%20Milestones/Final%20Defense/ETD-BITTNER-Ashley-May31-2023.docx%23_Toc136458177
file:///G:/My%20Drive/Grad%20School/PhD%20Milestones/Final%20Defense/ETD-BITTNER-Ashley-May31-2023.docx%23_Toc136458177
file:///G:/My%20Drive/Grad%20School/PhD%20Milestones/Final%20Defense/ETD-BITTNER-Ashley-May31-2023.docx%23_Toc136458177
file:///G:/My%20Drive/Grad%20School/PhD%20Milestones/Final%20Defense/ETD-BITTNER-Ashley-May31-2023.docx%23_Toc136458178
file:///G:/My%20Drive/Grad%20School/PhD%20Milestones/Final%20Defense/ETD-BITTNER-Ashley-May31-2023.docx%23_Toc136458178
file:///G:/My%20Drive/Grad%20School/PhD%20Milestones/Final%20Defense/ETD-BITTNER-Ashley-May31-2023.docx%23_Toc136458178
file:///G:/My%20Drive/Grad%20School/PhD%20Milestones/Final%20Defense/ETD-BITTNER-Ashley-May31-2023.docx%23_Toc136458178
file:///G:/My%20Drive/Grad%20School/PhD%20Milestones/Final%20Defense/ETD-BITTNER-Ashley-May31-2023.docx%23_Toc136458178
file:///G:/My%20Drive/Grad%20School/PhD%20Milestones/Final%20Defense/ETD-BITTNER-Ashley-May31-2023.docx%23_Toc136458178
file:///G:/My%20Drive/Grad%20School/PhD%20Milestones/Final%20Defense/ETD-BITTNER-Ashley-May31-2023.docx%23_Toc136458179
file:///G:/My%20Drive/Grad%20School/PhD%20Milestones/Final%20Defense/ETD-BITTNER-Ashley-May31-2023.docx%23_Toc136458179
file:///G:/My%20Drive/Grad%20School/PhD%20Milestones/Final%20Defense/ETD-BITTNER-Ashley-May31-2023.docx%23_Toc136458179
file:///G:/My%20Drive/Grad%20School/PhD%20Milestones/Final%20Defense/ETD-BITTNER-Ashley-May31-2023.docx%23_Toc136458179
file:///G:/My%20Drive/Grad%20School/PhD%20Milestones/Final%20Defense/ETD-BITTNER-Ashley-May31-2023.docx%23_Toc136458179
file:///G:/My%20Drive/Grad%20School/PhD%20Milestones/Final%20Defense/ETD-BITTNER-Ashley-May31-2023.docx%23_Toc136458180
file:///G:/My%20Drive/Grad%20School/PhD%20Milestones/Final%20Defense/ETD-BITTNER-Ashley-May31-2023.docx%23_Toc136458180
file:///G:/My%20Drive/Grad%20School/PhD%20Milestones/Final%20Defense/ETD-BITTNER-Ashley-May31-2023.docx%23_Toc136458180
file:///G:/My%20Drive/Grad%20School/PhD%20Milestones/Final%20Defense/ETD-BITTNER-Ashley-May31-2023.docx%23_Toc136458180


 

xviii  

show as the horizontal bar, the mean as a diamond, and the whiskers represent the 10th and 90th 

percentiles. For comparison, literature values are shown in each panel as CM1: Wathore et al. 

(2017), TRD1(traditional cooking): Wathore et al. (2017), TRD2: Roden et al. (2009), TSF1: 

Bertschi et al. (2003a), TSF2: Christian et al. (2010), and TSF3: Venkataraman et al. (2005). The 

literature label shows the mean and the bars indicate the standard deviation (where available). 

TSF3 shows the range observed. .................................................................................................. 79 

Figure 4.3: (a) Organic carbon (OC) and (b) elemental carbon (EC) emission factors for traditional 

cooking (TSF+MUD), earth mound charcoal kilns (EM), and fired clay kilns (BR/CMK). EFs are 

reported in units of in g pollutant per kg fuel wood DM. The number in parenthesis indicates N 

tests. The box shows the 25th to 75th percentile, the median is show as the bar, the mean as a 

diamond, and the whiskers represent the 10th and 90th percentiles. For comparison, literature 

values are shown in each panel as TRD1: Akagi et al. (2011), EM1: Keita et al. (2018), and BRK1: 

Weyant et al (2014). The literature label shows the mean and the bars indicate the standard 

deviation (where available). .......................................................................................................... 81 

Figure 4.4: Boxplots of (top) CO/CO2 and (bottom) PM/CO2 ratios as measured by the ARISense 

and STEMS from the fired clay kilns (BR/CMK) and the charcoal kilns (EM). The box indicates 

the 25th and 75th percentiles, the whiskers indicate the 2nd and 98th percentiles, and the mean is 

shown as a black diamond. Data points are shown as open grey circles. ..................................... 89 

Figure 5.1: Timeseries of VAMMS (1-min) and corrected nephelometer (1-min), smoke-corrected 

PurpleAir (10-min), and BAM 1022 (60-min) measurements at the Oakridge air quality monitoring 

station during the Cedar Creek fire. Data from the nephelometer and PurpleAir are shown only 

when the VAMMS was within 100 m of the instruments. ......................................................... 106 

Figure 5.2: Satellite map and driving route showing the Oakridge, OR region, corresponding to 

Fig 1a. VAMMS (1-min) data are shown as colored circles. Pin markers show the locations of 

Lookout Point Lake and the Oakridge air quality monitoring station (AQMS) in downtown 

Oakridge. The roadway connecting the two locations is Willamette Highway58. Image source: 

Google Earth Pro Version 7.3.4.8248. Oakridge, Oregon, USA. Border and labels layer. Accessed: 

February 9, 2023. © Google Earth 2023. .................................................................................. 107 

Figure 5.3: Map of VAMMS measurement locations (a) for the entire deployment period during 

the Monument Fire and (b) on 08/11/2021 only. VAMMS data are shown as small circles, the 

twenty-seven PurpleAir within 1500 m of the VAMMS route are shown as diamond markers, and 

the two nearby regulatory air quality monitoring stations (AQMS) are shown as large squares. In 

panel (b), the data are colored by PM2.5 concentration. VAMMS and PurpleAir data are 2-min 

averaged, while the regulatory air quality monitoring station (AQMS) data are 1-hr averaged. 

PurpleAir and AQMS data are shown at the time of the passing by. The border of the Monument 

Fire on 08/11/2021 is shown in red (infrared map, source: InciWeb).  Image source: Google Earth 

Pro Version 7.3.4.8248. Shasta-Trinity County, USA. Accessed: April 19, 2023. © Google Earth 

2023............................................................................................................................................. 109 

Figure 5.4: Scatter plot of the mobile VAMMS compared to (a) the stationary nephelometer at the 

Oakridge, OR air quality monitoring station and (b) stationary, open-access PurpleAir (N=27) 

network in the Shasta Trinity County, CA area. The VAMMS was within 100 m of the stationary 

file:///G:/My%20Drive/Grad%20School/PhD%20Milestones/Final%20Defense/ETD-BITTNER-Ashley-May31-2023.docx%23_Toc136458180
file:///G:/My%20Drive/Grad%20School/PhD%20Milestones/Final%20Defense/ETD-BITTNER-Ashley-May31-2023.docx%23_Toc136458180
file:///G:/My%20Drive/Grad%20School/PhD%20Milestones/Final%20Defense/ETD-BITTNER-Ashley-May31-2023.docx%23_Toc136458180
file:///G:/My%20Drive/Grad%20School/PhD%20Milestones/Final%20Defense/ETD-BITTNER-Ashley-May31-2023.docx%23_Toc136458180
file:///G:/My%20Drive/Grad%20School/PhD%20Milestones/Final%20Defense/ETD-BITTNER-Ashley-May31-2023.docx%23_Toc136458180
file:///G:/My%20Drive/Grad%20School/PhD%20Milestones/Final%20Defense/ETD-BITTNER-Ashley-May31-2023.docx%23_Toc136458180
file:///G:/My%20Drive/Grad%20School/PhD%20Milestones/Final%20Defense/ETD-BITTNER-Ashley-May31-2023.docx%23_Toc136458181
file:///G:/My%20Drive/Grad%20School/PhD%20Milestones/Final%20Defense/ETD-BITTNER-Ashley-May31-2023.docx%23_Toc136458181
file:///G:/My%20Drive/Grad%20School/PhD%20Milestones/Final%20Defense/ETD-BITTNER-Ashley-May31-2023.docx%23_Toc136458181
file:///G:/My%20Drive/Grad%20School/PhD%20Milestones/Final%20Defense/ETD-BITTNER-Ashley-May31-2023.docx%23_Toc136458181
file:///G:/My%20Drive/Grad%20School/PhD%20Milestones/Final%20Defense/ETD-BITTNER-Ashley-May31-2023.docx%23_Toc136458181
file:///G:/My%20Drive/Grad%20School/PhD%20Milestones/Final%20Defense/ETD-BITTNER-Ashley-May31-2023.docx%23_Toc136458181
file:///G:/My%20Drive/Grad%20School/PhD%20Milestones/Final%20Defense/ETD-BITTNER-Ashley-May31-2023.docx%23_Toc136458181
file:///G:/My%20Drive/Grad%20School/PhD%20Milestones/Final%20Defense/ETD-BITTNER-Ashley-May31-2023.docx%23_Toc136458181
file:///G:/My%20Drive/Grad%20School/PhD%20Milestones/Final%20Defense/ETD-BITTNER-Ashley-May31-2023.docx%23_Toc136458182
file:///G:/My%20Drive/Grad%20School/PhD%20Milestones/Final%20Defense/ETD-BITTNER-Ashley-May31-2023.docx%23_Toc136458182
file:///G:/My%20Drive/Grad%20School/PhD%20Milestones/Final%20Defense/ETD-BITTNER-Ashley-May31-2023.docx%23_Toc136458182
file:///G:/My%20Drive/Grad%20School/PhD%20Milestones/Final%20Defense/ETD-BITTNER-Ashley-May31-2023.docx%23_Toc136458182
file:///G:/My%20Drive/Grad%20School/PhD%20Milestones/Final%20Defense/ETD-BITTNER-Ashley-May31-2023.docx%23_Toc136458183
file:///G:/My%20Drive/Grad%20School/PhD%20Milestones/Final%20Defense/ETD-BITTNER-Ashley-May31-2023.docx%23_Toc136458183
file:///G:/My%20Drive/Grad%20School/PhD%20Milestones/Final%20Defense/ETD-BITTNER-Ashley-May31-2023.docx%23_Toc136458183
file:///G:/My%20Drive/Grad%20School/PhD%20Milestones/Final%20Defense/ETD-BITTNER-Ashley-May31-2023.docx%23_Toc136458183
file:///G:/My%20Drive/Grad%20School/PhD%20Milestones/Final%20Defense/ETD-BITTNER-Ashley-May31-2023.docx%23_Toc136458184
file:///G:/My%20Drive/Grad%20School/PhD%20Milestones/Final%20Defense/ETD-BITTNER-Ashley-May31-2023.docx%23_Toc136458184
file:///G:/My%20Drive/Grad%20School/PhD%20Milestones/Final%20Defense/ETD-BITTNER-Ashley-May31-2023.docx%23_Toc136458184
file:///G:/My%20Drive/Grad%20School/PhD%20Milestones/Final%20Defense/ETD-BITTNER-Ashley-May31-2023.docx%23_Toc136458184
file:///G:/My%20Drive/Grad%20School/PhD%20Milestones/Final%20Defense/ETD-BITTNER-Ashley-May31-2023.docx%23_Toc136458184
file:///G:/My%20Drive/Grad%20School/PhD%20Milestones/Final%20Defense/ETD-BITTNER-Ashley-May31-2023.docx%23_Toc136458184
file:///G:/My%20Drive/Grad%20School/PhD%20Milestones/Final%20Defense/ETD-BITTNER-Ashley-May31-2023.docx%23_Toc136458185
file:///G:/My%20Drive/Grad%20School/PhD%20Milestones/Final%20Defense/ETD-BITTNER-Ashley-May31-2023.docx%23_Toc136458185
file:///G:/My%20Drive/Grad%20School/PhD%20Milestones/Final%20Defense/ETD-BITTNER-Ashley-May31-2023.docx%23_Toc136458185
file:///G:/My%20Drive/Grad%20School/PhD%20Milestones/Final%20Defense/ETD-BITTNER-Ashley-May31-2023.docx%23_Toc136458185
file:///G:/My%20Drive/Grad%20School/PhD%20Milestones/Final%20Defense/ETD-BITTNER-Ashley-May31-2023.docx%23_Toc136458185
file:///G:/My%20Drive/Grad%20School/PhD%20Milestones/Final%20Defense/ETD-BITTNER-Ashley-May31-2023.docx%23_Toc136458185
file:///G:/My%20Drive/Grad%20School/PhD%20Milestones/Final%20Defense/ETD-BITTNER-Ashley-May31-2023.docx%23_Toc136458185
file:///G:/My%20Drive/Grad%20School/PhD%20Milestones/Final%20Defense/ETD-BITTNER-Ashley-May31-2023.docx%23_Toc136458185
file:///G:/My%20Drive/Grad%20School/PhD%20Milestones/Final%20Defense/ETD-BITTNER-Ashley-May31-2023.docx%23_Toc136458185
file:///G:/My%20Drive/Grad%20School/PhD%20Milestones/Final%20Defense/ETD-BITTNER-Ashley-May31-2023.docx%23_Toc136458185
file:///G:/My%20Drive/Grad%20School/PhD%20Milestones/Final%20Defense/ETD-BITTNER-Ashley-May31-2023.docx%23_Toc136458186
file:///G:/My%20Drive/Grad%20School/PhD%20Milestones/Final%20Defense/ETD-BITTNER-Ashley-May31-2023.docx%23_Toc136458186
file:///G:/My%20Drive/Grad%20School/PhD%20Milestones/Final%20Defense/ETD-BITTNER-Ashley-May31-2023.docx%23_Toc136458186


 

xix 

site for (a) and within 1500 m for (b). Linear regression coefficients are given as y = mx + b, where 

m is slope and b is intercept. R2 = coefficient of determination, nRMSE = normalized root mean 

square error, N = number of data points. These data were collected between Sep 24 and Oct 15, 

2022 during the Cedar Creek wildfire. ....................................................................................... 110 

Figure 5.5: Map of VAMMS (10-s) and PurpleAir (maximum value) measurements during the 

consecutive prescribed burning of three 3-acre plots. Data are colored by (a) GPS height and (b) 

PM2.5 concentration. The primary wind direction during the burns and the burned area of the three 

plots (red polygons) is shown on panel (a). These data were collected from 16:05 to 19:45 UTC 

on 2021-09-15 in Manhattan, Kansas.  Image source: Google Earth Pro Version 7.3.4.8248. Konza 

Prairie Biological Research Station, USA. Accessed: April 19, 2023. © Google Earth 2023. . 111 

Figure 5.6: Box plots of the PM2.5 concentration from the nephelometer at the Oakridge, OR air 

quality monitoring station (left) during variable (top) and stable (bottom) conditions. The percent 

error of the nephelometer concentration measurement compared to the 1-hr mean from the BAM-

1022 is shown for each set of conditions (right). For the boxes, the median is the line, the top and 

bottom of the box are the 75th and 25th quartiles, the whiskers are the minimum and maximum 

value, and outliers are shown as dark circles The boxes are shaded using AQI breakpoints and 

colors.  These data were collected between Sep 25 and Oct 12, 2022 during the Cedar Creek 

wildfire. ....................................................................................................................................... 114 

 

Figure A.1: Image of ARISense (Version 1.0) interior (left), including integrated circuit board and 

internal data logging system. Image of ARISense in deployment setting (right) with solar panel 

power system mounted at Village 2 site in Mulanje, Malawi..................................................... 152 

Figure A.2: Image of ARISense and reference instrumentation (left) at the Triple Oak monitoring 

site (right), North Carolina, USA. Image source: Google Earth Version 9.143.0.0 (May 1, 2018). 

NC Collocation Site, Durham, NC, 27560 USA.  35.865°N, 78.820°W. Borders and labels; places 

layer. Accessed: August 19, 2021. © Google Earth 2021. NC DEQ data available from: 

https://xapps.ncdenr.org/aq/ambient/AmbtSiteEnvista.jsp?site=371830021 ............................. 153 

Figure A.3: RH-corrected OPC-N2 PM2.5 mass concentration (1-hr avg.) linear model residuals 

and fit range. Residuals = difference between OPC-N2 and MicroPEM measurements; (a) raw 

data, and (b) box-cox transformed data with outliers occurring from 3-6 AM local time (the 

morning cooking period) excluded. Original R Code (Bean, 2021). .......................................... 157 
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Figure A.5: Satellite image of Mulanje ñVillageò sites (1 mile scale), blue markers indicate 

ARISense monitoring sites. Image source: Google Earth Pro Version 7.3.4.8248. Mulanje, 
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measurements from the Alphasense OPC-N2 sensor in ARI023 compared to measurements made 
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Point color indicates relative humidity conditions.  Linear regression coefficients (y = mx + b), fit 
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line (red line), the Coefficient of Determination (R2), root mean square error (RMSE), and the 
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Chapter 1: Introduction  

 

1.1 Motivation  

The combustion of biomass, organic material from plants and animals, emits air pollutants 

that adversely affect human health, contribute to poor regional and global air quality (AQ), and 

may lead to negative climate forcing impacts (Chowdhury et al., 2019; Conibear et al., 2018; 

Murray et al., 2020; Knippertz et al., 2015). Biomass combustion can be contained (e.g., as a 

household or industry energy source) or occur openly (e.g., wildfire, prescribed burning, waste 

disposal). In this case, biomass combustion primarily refers to its use as an energy fuel source. In 

the U.S., biomass provided about 5% of the total primary energy use in 2020 (EIA, 2020) but in 

low and middle income countries (LMICs) biomass can account for up to 35% of total energy use 

in the industry sector (Balat and Ayar, 2005). In the residential sector, biomass fuels and traditional 

cookstoves provide the primary source of household energy for more than 3 billion people (WHO, 

2018) and contribute to an estimated 2.3 million premature deaths per year (Murray et al., 2020). 

Residential emissions from biomass cookstoves are also a major source of outdoor air pollution. 

The WHO AirQ+ model estimates a 40% increase in ambient PM2.5 (fine particulate matter) 

concentrations during cooking hours in regions with high rates of traditional cookstove use 

(Adhikari et al., 2020). Further, a recent review found that household air pollution (HAP) is the 

dominant source of ambient PM2.5 worldwide, contributing to about 20% of global PM2.5 exposure 

(Chowdhury et al., 2023).  

Relative to the rest of the world, Sub-Saharan Africa (SSA) is disproportionately affected 

by the impacts of air pollution from biomass combustion due to increasing population and 

urbanization, near universal rates of household biomass fuel use in rural areas, and extreme poverty 

(Shikwambana and Tsoeleng, 2020; Stevens and Madani, 2016; Liousse et al., 2014; Amegah and 

Agyei-Mensah, 2017; Abera et al., 2021). However, indoor and ambient air quality monitoring 

and reporting is uncommon in many African countries, due to multiple factors including the high 

cost of reference grade equipment and the technical and human resources required to operate and 

maintain a network of monitors (Amegah, 2018; Petkova et al., 2013). 

Though HAP is widely accepted as the largest contributor to ambient anthropogenic PM2.5 

in Africa, the production of charcoal, other industries, and transportation also contribute 

(Chowdhury et al., 2023). Cookstove studies have characterized emissions from household energy 

use and their impacts on indoor and ambient AQ (Islam et al., 2020; Adhikari et al., 2020; Clark 

et al., 2009; Clark Maggie L. et al., 2013; Archer-Nicholls et al., 2016), but little research has been 

done on small-scale industrial combustion sources. Emissions from these common sources, 

including rudimentary charcoal production kilns, clay-firing kilns, alcohol production, and 

informal food stands, are not well-documented or represented in emissions inventories (Marais 
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and Wiedinmyer, 2016; Liousse et al., 2014). There are few emissions inventories specific to 

Africa (Bockarie et al., 2020; Keita et al., 2020; Liousse et al., 2014; Marais and Wiedinmyer, 

2016) due to a lack of representative emission factors (i.e., a measure of the amount of a pollutant 

emitted per the amount of fuel consumed by a given source), missing or incomplete activity data, 

and insufficient characterization of the inherent variability present within each source category. 

Typically, SSA-specific EIs are required to extrapolate information from a few reports or use 

findings from a local case study to represent the whole sub-continent (Bockarie et al., 2020) and 

some important sources may not be represented at all (Liousse et al., 2014). Consequently, there 

have been multiple calls for in situ measurements of anthropogenic emission factors in Africa and 

for comprehensive country and local-level activity data (Keita et al., 2020; Marais and 

Wiedinmyer, 2016; Liousse et al., 2014). 

Although contained biomass burning sources represent the largest anthropogenic sources 

of PM2.5, open burning (i.e., wildfire, agricultural field clearing fire, prescribed burning, etc.) is 

the largest overall contributor to ambient PM2.5 in Africa (Chowdhury et al., 2023). Similarly, in 

the United States, wildfires are the major contributor to ambient PM2.5 concentrations in recent 

years, accounting for an estimated 25-50% of ambient PM2.5 depending on the region (Burke et 

al., 2021).  Given that large wildfires (>400 ha) have increased in frequency over the past two 

decades (Westerling, 2016) and the rapid growth in the wildland-urban interface (Radeloff et al., 

2018), the number of people at risk for smoke related health impacts is expected to grow.  These 

types of fires emit large and variable amounts of PM2.5 and gaseous pollutants, from which the air 

quality impacts remain difficult to confidently quantify and ascribe (Afrin and Garcia Menendez, 

2020; Haikerwal et al., 2015; Davidson et al., 2008). Although there is a nationwide regulatory 

AQ monitoring network in the U.S., wildland fire typically occurs relatively far from large 

population centers and its episodic nature can make it difficult to isolate fire emission impacts 

from a specific burn (Yao Jiayun et al., 2013).  Further, wildland fire plumes are spatially 

heterogeneous with characteristically steep exposure concentration gradients, influenced by 

factors like topography, weather, and fire conditions (Jaffe et al., 2020). Ground-based 

measurements around fires have shown large spatial variations and indicated that models using 

interpolated data from the existing regulatory monitoring network may not be representative of 

actual exposures in impacted communities (Kelleher et al., 2018; Kelly et al., 2021), often due to 

the modelsô inability to resolve fine spatial scales and smoke flow over complex terrain (Liu et al., 

2019; Frisbey, 2008; Price et al., 2016). In a wildfire situation, the existing stationary network is 

insufficient for health officials to accurately identify and alert the public to dangerously high levels 

of harmful air pollutants.   

Traditional reference and research-grade measurement technologies used for emissions 

quantification and ambient air quality characterization are insufficient to meet the challenges and 

data needs described above. Reference grade equipment is costly and complex, requiring human 
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and technical resources and regular maintenance. Instruments must be sited sparsely to optimize 

their benefit. Traditional ambient monitors are stationary, confining their use to one small region 

leaving large swaths of area without access to ambient air quality information. Sophisticated 

emissions 5monitoring equipment is often restricted to laboratory uses for similar reasons, making 

it difficult to collect field measurements of emissions from sources during actual use. In response 

to these challenges, manufacturers, researchers, and even the public have turned to portable and 

low-cost air quality sensors. These technologies may offer a compact, lightweight, and easily 

transportable alternative and may be ideal for remote settings given that they require little power 

and can be deployed quickly and affordably. However, their steep rise in popularity has been 

matched with increased calls for better quality assurance methods (Lewis and Edwards, 2016; 

Kumar et al., 2015; Giordano et al., 2021; Snyder et al., 2013). To date, there is little 

standardization for calibrating these sensors and there are no widely accepted testing protocols, 

metrics, or targets to evaluate their performance (Castell et al., 2017; Duvall et al., 2021a; 

Morawska et al., 2018; Rai et al., 2017). In response to this, the U.S. Environmental Protection 

Agency (EPA) developed two reports outlining testing protocols, metrics, and target values to 

evaluate the performance of ozone and PM sensors for non-regulatory supplemental and 

informational monitoring applications in the U.S. (Duvall et al., 2021a, b). Unfortunately, there is 

no similar guidance to evaluate low-cost and portable sensors for mobile deployments or in settings 

without in situ regulatory monitors.   

Portable and low-cost sensor technologies have the potential to provide source and ambient 

measurements in difficult and isolated environments, but the collected data requires sufficient 

evaluation to ensure that quality and interpretability are sufficient for the unique application. In 

applications where these sensors cannot be compared with regulatory monitors to evaluate their 

performance, the collocation, calibration, and performance evaluation process must take place at 

another site, potentially under a set of environmental conditions that do not match those of the 

target deployment environment. Ultimately, this could contribute to poor quality measurements, 

for example, previous long-term field assessments of low cost optical particle sensors indicate 

large variability in performance with seasons, environmental conditions, and background pollution 

levels (Bulot et al., 2019; Rai et al., 2017; Sousan et al., 2016). Despite their promise, questions 

remain about the durability and sensitivity of the sensors, the resulting data quality, and for which 

kind of applications they are suitable. 

 

1.2 Research objectives 

This dissertation addresses several key needs as identified by the underlined statements. 

The major goal of this analysis is to develop methods to evaluate the performance of portable and 

low-cost technologies under conditions impacted by biomass burning emissions and to 
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demonstrate potential field applications of such sensors, including to collect emissions 

measurements of under-studied sources and to characterize air quality in areas lacking traditional 

AQ monitoring. Three case studies are used to explore these objectives in diverse environments: 

1) the deployment and characterization of a temporary ambient air quality monitoring network 

across central and southern Malawi, 2) the characterization of emissions from traditional 

household and small-scale industry sources typical in rural Africa, and 3) the evaluation of a 

mobile monitoring system to characterize air quality conditions in locations impacted by wildland 

fire.  

This dissertation addresses the major themes of this research question through the 

following specific objectives:  

1. Develop a framework for evaluating and operating a temporary, ambient air 

monitoring network in three regions across Malawi.  

2. Establish an air quality baseline record for central and southern Malawi to identify 

key temporal and spatial trends and needs for future monitoring.  

3. Improve representation of emissions from diverse biomass combustion sources in 

rural Malawi to inform regionally specific inventories, cookstove interventions and 

AQ management decisions.  

4. Evaluate a portable and mobile smoke monitoring system for use in wildland fire 

impacted areas to inform public health guidance and improve smoke plume 

dispersion models.  

Figure 1.1 provides a diagram connecting the major research themes of this dissertation. 

Each chapter in this analysis explores a subset of these themes. The details of each are presented 

in Chapters 2-5, with a brief overview of each provided below: 
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1.3 Chapter summaries 

1.3.1  Chapter 2: Performance characterization of low-cost air quality sensors for off-grid 

deployment in rural Malawi  

This chapter uses data collected in North Carolina and Malawi to characterize the 

performance of the ambient air quality sensor package used during a multi-year, multi-region 

monitoring campaign in Malawi. The analysis describes the calibration process of the 

electrochemical gas sensors and assesses the optical particle counter compared to a filter-sample-

corrected nephelometer. The first year of deployment data was used to evaluate the transferability 

of the calibration models and identify practices that increased data quality and overall recovery. 

The results show that commercial low-cost sensor packages provide a means to collect novel data 

in remote, rural sites but may come with significant limitations (i.e., insufficient power storage, 

limited support and tools for interpreting raw sensor outputs, establishing and maintaining GSM 

cell connectivity, etc.). 

1.3.2  Chapter 3: Long-term air quality trends in central and southern Malawi observed 

from low-cost sensor packages 

As an extension of Chapter 2, this chapter focuses on the analysis of multiple years of 

ambient air quality data that were collected at various sites in Malawi to characterize 

Figure 1.1: Simple schematic of the linkages between biomass burning source emissions and air quality, with a focus on 
topics explored in this dissertation. Greyed out items indicate topics not covered, but of significance to the research 
themes. 
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spatiotemporal trends, estimate background concentrations, and identify contributions from nearby 

sources. Other drivers of ambient air quality, including meteorological and climate trends, and 

seasonal burning activity are discussed. The multi-year data set captures the impact that 

widespread household cooking has on air pollutant concentrations in rural, residential areas and 

suggests that background concentrations of key pollutants are presently low to moderate across 

Malawi. 

1.3.3  Chapter 4: Characterizing emissions from diverse domestic biofuel uses in rural 

Malawi  

This chapter presents emission factors from two types of cookstoves and three types of 

small-scale industry sources measured during a field campaign to rural Malawi. To provide 

context, the values are compared to existing measurements from comparable literature studies and 

global emissions inventories. Sources of uncertainty and variability are quantified and explored to 

assess how factors like measurement error, carbon balance assumptions, and fuel moisture 

contribute to differences across and within studies. The results show that emission factors for major 

sources (i.e., three-stone fires, charcoal kilns) are likely well-constrained in the literature, while 

measurements of less studied small scale industry sources (i.e., brick kilns, informal food stands) 

are still largely missing. 

 

1.3.4  Chapter 5: Expanding mobile and stationary PM2.5 measurement capabilities near 

wildland fire  

Distinct from the other chapters in study region, this analysis focuses on the evaluation of 

a supplemental mobile and temporary stationary monitoring system developed by the U.S. 

Environmental Protection Agency for use in areas impacted by wildland fire smoke. Portable 

sensor data was collected at two major wildfires in the western United States, and during the 

controlled burning of grasslands. The data are compared to several fixed-site monitors to evaluate 

the ability of the mobile monitor to characterize regional air quality impacts from large wildland 

fires and from localized impacts from small, prescribed fires. The results show that the monitor 

remained accurate even while mobile and was suitable for use in emergency response decision-

making. 

1.3.5  Chapter 6: Conclusions 

Key insights from each chapter are summarized and discussed in context to the overarching 

research themes and implications. Future areas of research and remaining open questions are also 

explored. 
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Chapter 2: Performance characterization of low-cost air quality sensors for 

off-grid deployment in rural Malawi  

 

This chapter has been published as: Bittner, A. S., Cross, E. S., Hagan, D. H., Malings, C., Lipsky, 

E., and Grieshop, A. P.: Performance characterization of low-cost air quality sensors for off-grid 

deployment in rural Malawi, Atmos. Meas. Tech., 15, 3353ï3376, https://doi.org/10.5194/amt-15-

3353-2022, 2022. 

 

Abstract 

Low-cost gas and particulate sensor packages offer a compact, lightweight, and easily 

transportable solution to address global gaps in air quality (AQ) observations. However, regions 

that would benefit most from widespread deployment of low-cost AQ monitors often lack the 

reference grade equipment required to reliably calibrate and validate them. In this study, we 

explore approaches to calibrating and validating three integrated sensor packages before a one year 

deployment to rural Malawi using collocation data collected at a regulatory site in North Carolina, 

USA. We compare the performance of five computational modelling approaches to calibrate the 

electrochemical gas sensors: k-Nearest Neighbor (kNN) hybrid, random forest (RF) hybrid, high-

dimensional model representation (HDMR), multilinear regression (MLR), and quadratic 

regression (QR). For the CO, Ox, NO, and NO2 sensors, we found that kNN hybrid models 

returned the highest coefficients of determination and lowest error metrics when validated. Hybrid 

models also were the most transferable approach when applied to deployment data collected in 

Malawi. We compared kNN-hybrid calibrated CO observations from two regions in Malawi to 

remote sensing data and found qualitative agreement in spatial and annual trends. However, 

ARISense monthly mean surface observations were 2 to 4 times higher than the remote sensing 

data, due to proximity to residential biomass combustion activity not resolved by satellite imaging. 

We also compared the performance of the integrated Alphasense OPC-N2 optical particle counter 

to a filter-corrected nephelometer using collocation data collected at one of our deployment sites 

in Malawi. We found the performance of the OPC-N2 varied widely with environmental 

conditions, with the worst performance associated with high relative humidity (RH > 70%) 

conditions and influence from emissions from nearby residential biomass combustion. We did not 

find obvious evidence of systematic sensor performance decay after the one year deployment to 

Malawi. Data recovery (30-80%) varied by sensor and season and was limited by insufficient 

power and access to resources at the remote deployment sites. Future low-cost sensor deployments 

to rural Sub-Saharan Africa would benefit from adaptable power systems, standardized sensor 

calibration methodologies, and increased regional regulatory grade monitoring infrastructure. 
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2.1 Introduction  

Ambient air pollution is a leading cause of morbidity and premature mortality in Sub-

Saharan Africa (SSA) (Murray et al., 2020). Air pollution in SSA is expected to increase over time 

given regional growth in population and energy demand combined with a biomass fuel dominated 

energy mix (Shikwambana and Tsoeleng, 2020; Stevens and Madani, 2016; Liousse et al., 2014; 

Amegah and Agyei-Mensah, 2017). However, regulatory air quality (AQ) monitoring is 

uncommon in many SSA countries, partially due to the high cost of reference grade equipment 

(Amegah, 2018; Petkova et al., 2013). Remote sensing is a valuable tool to address these data gaps, 

but satellite observations alone have various shortcomings relative to in situ measurements (Martin 

et al., 2019). Additional validation with reliable surface measurements is required, particularly in 

SSA (Malings et al., 2020). In the meantime, low-cost gas and particulate sensor packages provide 

an affordable, compact, and easily transportable approach to supplement air quality networks in 

regions where reference grade instrumentation is not accessible. Malawi, located in south-eastern 

Africa, provides a relevant context to investigate how low-cost sensors (LCS) can be used to 

address the global dearth of AQ observations. The Malawi Bureau of Standards published ambient 

air quality limits based on World Health Organization guidelines in 2005 (Mapoma and Xie, 2013; 

MBS, 2005), but there is no regulatory air quality monitoring program in the country to date. 

Previous studies of AQ in Malawi have primarily focused on indoor air quality or were unable to 

capture long-term trends (Fullerton et al., 2009, 2011; Jary et al., 2017; Mapoma and Xie, 2013). 

A dependable and affordable LCS monitoring network in Malawi could provide data to monitor 

the evolution of air quality and establish baselines for future AQ management.  

Given the potential applications, LCS deployments are becoming common (Giordano et 

al., 2021). However, as the cost of LCS decreases, so may the selectivity, linearity, and accuracy. 

Electrochemical gas sensors are prone to interference and cross-sensitivities. Interference occurs 

when sensors respond to changes in temperature (T) and relative humidity (RH). Cross-

sensitivities occur when sensors respond to the presence of gases other than the target analyte 

(Lewis et al., 2016; Mead et al., 2013). Failure to properly account for these during calibration can 

result in substantial measurement error under ambient conditions (Lewis et al., 2016; Cross et al., 

2017; Castell et al., 2017; Mead et al., 2013). The calibration and application of LCS technologies 

to augment existing regulatory monitoring networks has been widely explored (Cross et al., 2017; 

Hagan et al., 2018; Malings et al., 2019a, b; Mead et al., 2013; Zimmerman et al., 2018; Li et al., 

2021), but historically there has been little standardization in calibration approach or performance 

evaluation (Castell et al., 2017; Duvall et al., 2021b; Morawska et al., 2018; Rai et al., 2017). In 

response to this, the U.S. Environmental Protection Agency (EPA) recently released two reports 

outlining testing protocols, metrics, and target values to evaluate the performance of ozone and 

fine particulate matter (PM2.5) sensors for non-regulatory supplemental and informational 
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monitoring applications in the U.S. (Duvall et al., 2021b, a). Unfortunately, there is no similar 

guidance for validating LCS for deployments in settings without in situ regulatory monitors. The 

deployment and evaluation of LCS packages in areas without existing AQ monitoring 

infrastructure is a growing research area (Chatzidiakou et al., 2019; Hagan et al., 2019; 

Subramanian et al., 2018, 2020). A lack of in situ regulatory monitors requires collocation, 

calibration, and validation at another site, potentially under a set of environmental conditions 

different from those of the target deployment environment. Advancements in laboratory chamber 

calibration may help resolve this issue. In a controlled environment, gas sensors can be exposed to 

and calibrated for a range of environmental conditions (i.e., gas concentration, RH, T, pressure, 

etc.), which may allow LCS cross-sensitivity and interference to be measured and controlled for 

before deployment (Williams et al., 2014; Spinelle et al., 2016; Lewis et al., 2016; Spinelle et al., 

2015). However, studies of low-cost particle sensors have observed better performance under 

laboratory versus field conditions (Rai et al., 2017). For example, previous long-term field 

assessments of the Alphasense OPC-N2 optical particle counter have observed large variability 

with changing seasons, environmental conditions, and background pollution levels (Bulot et al., 

2019; Rai et al., 2017; Sousan et al., 2016). Low cost optical particle sensors can systematically 

overestimate mass concentrations under high RH (>70%) conditions due to hygroscopic growth 

of the particles (Crilley et al., 2018; Di Antonio et al., 2018), with errors ranging from 100 to 500% 

depending on aerosol hygroscopicity (Hagan and Kroll, 2020). Further, the complex chemical, 

physical, and optical properties of aerosol can complicate the field evaluation of low-cost particle 

sensors. For the Alphasense OPC-N2, particle composition may impact the sensor output by as 

much as a factor of 30 (Rai et al., 2017; Sousan et al., 2016). A recent modelling effort by Hagan 

and Kroll (2020) found that the optical properties and particle size distribution of the source aerosol 

can result in errors of up to 100% and 90%, respectively, in mass measurements made by low-cost 

optical particle sensors. Measurement errors were highest for strongly absorbing aerosol 

dominated by small (< 300 nm) particles. These traits can be characteristic of aerosol emitted by 

biomass-burning (Reid et al., 2005), a dominant source of ambient PM throughout SSA (Marais 

and Wiedinmyer, 2016; Queface et al., 2011; Liousse et al., 2014). Therefore, stringent quality 

assurance is necessary to ensure the validity of LCS particle measurements in this environment.  

In this study, we calibrated and evaluated the ñARISenseò, a moderate-cost, integrated gas, 

particle, and meteorological sensor package (Aerodyne, Inc.) for long-term field deployment to 

Malawi. Our overarching goal was to assess the viability of augmenting and maintaining a small, 

temporary network of LCS monitors, until a more formal governmental regulatory monitoring 

system can be established. Given that comparison to regulatory grade equipment in Malawi was 

not possible, the objective of this work was to devise an alternative methodology to evaluate the 

ARISense technology (Section 2.2.1) for accuracy, precision, and stability over the 1-year pilot 

deployment. In Section 2.2.3 and 2.2.4, we describe collocations of the gas sensors (in North 

Carolina, USA) and particle sensor (in Mulanje, Malawi) with reference or semi-reference 
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instruments (described in Section 2.2.2). We use collocation data and quantitative assessment 

metrics (described in Section 2.2.5) to compare the performance of five modelling approaches to 

calibrate the gas sensors (Section 2.3.1) and estimate error in the particle sensor data (Section 

2.3.2). After deployment to Malawi (described in Section 2.2.6), we qualitatively assess how the 

ARISense performed in the field using contextual information about nearby emission sources, 

diurnal trends, and an inter-comparison of calibrated gas model observations (Section 2.3.3 and 

2.3.4). In Section 2.3.5 and 2.3.6, we compare the deployment results to remote sensing and 

reanalysis data products and to surface measurements from similar environments in SSA. Finally, 

in Section 2.3.7, we qualitatively assess the long-term stability of the sensor readings and 

calibration models in Malawi by comparing seasonally similar ambient data collected one year 

apart at the same location. In concluding (Section 2.4), we draw on these pilot results to 

characterize the benefits, limitations, and robustness of this technology and methodology for our 

application: collecting AQ data in under-studied and -resourced regions. Additionally, we offer 

guidance on considerations to improve future remote deployment efforts. Detailed analysis and 

discussion of more than three years of data collected in Malawi will be presented in a forthcoming 

complementary publication. 

2.2 Methods 

The ARISense were collocated with reference instruments in North Carolina (NC) before 

and after deployment to Malawi. One ARISense was collocated with a semi-reference PM 

instrument at a deployment site in Malawi to assess the performance of the integrated OPC-N2. 

Instrumentation, collocation, and calibration are covered in Sect. 2.2.1 ï 2.2.4. Performance 

assessment metrics are given in Sect. 2.2.5.  Calibrated ARISense were deployed to Malawi (Sect. 

2.2.6) and compared to remote sensing data products (Sect. 2.2.7). 

2.2.1  ARISense sensor packages 

The ARISense package (Fig. A.1) integrated the following sensors from Alphasense Ltd., 

UK: carbon monoxide (CO-B4), nitric oxide (NO-B4), nitrogen dioxide (NO2-B43F), total 

oxidants (Ox-B421), and the OPC-N2 optical particle counter. The ARISense reported voltage 

readings from electrochemical gas sensor working electrodes (WE) and auxiliary electrodes (AE). 

Sensor differential voltage (ȹV) was calculated as WE ï AE. The Alphasense OPC-N2 recorded 

counts in 16 size bins spanning particle diameters from 0.38 to 17.5 µm, meaning the OPC-N2 

primarily measures coarse (> 2 µm) and some accumulation mode (0.1 to 2 µm) aerosols (Badura 

et al., 2018; Crilley et al., 2018; Sousan et al., 2016). Although the OPC-N2 has embedded 

algorithms to convert count measurements into mass concentrations of PM1.0, PM2.5 and PM10 

(particulate matter with aerodynamic diameters less than 1.0, 2.5, and 10 µm, respectively), the 

bin count data were manually integrated, converted to number concentration (cmī3) assuming unity 

measurement efficiency across the bin range, and then to mass concentration assuming spherical 

particles with uniform density (1.65 g cmī3). The values reported for PM2.5 are PM2. The location 
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of the adjacent bin separations at 2.0 and 2.99 µm did not allow for direct estimates of PM2.5. 

However, this was only one of many contributing sources of error in approximating true mass 

concentration with the Alphasense OPC-N2. Given the minimum cut-off diameter, we were unable 

to measure (nor did we try to estimate) the mass from particles smaller than 0.38 µm. 

We used four ARISense monitors in this study: serial numbers ARI013, ARI014, ARI015 

(Version 1.0, 2017), and ARI023 (Version 2.0, 2018). The monitors were powered by solar panels 

charging external batteries and recorded data to an internal USB device. Details and images are 

provided in Appendix A.1. Additional environmental and meteorological sensors (i.e., T, RH, 

pressure, solar intensity, and noise) and system design are described in Cross et al. (2017). 

2.2.2  Reference instrumentation 

Gas concentration measurements for NOx/NO/NO2 (Teledyne Model T200UP), CO 

(Thermo Scientific Model 48i-TLE), and Ozone (Ecotech Federal Equivalent Method instrument) 

were obtained from reference instruments operated by the North Carolina Department of 

Environmental Quality (NC-DEQ) and the U.S. EPA.   

The semi-reference MicroPEM (RTI International) instrument was used to assess the 

performance of the OPC-N2 in Malawi. The MicroPEM, equipped with T and RH sensors, 

sampled (0.50 L/min, 100% duty cycle) via a PM2.5 inlet into a nephelometer (0.1 Hz) and 25 mm 

PTFE filter. In previous evaluation studies, after gravimetric correction, the MicroPEM real-time 

nephelometer agreed with fixed-site reference monitors across a wide range of ambient PM 

concentrations (Du et al., 2019; Williams et al., 2014). However, deployments observed baseline 

(zero) drift and poor performance at RH conditions above 94% (Williams et al., 2014; Zhang et 

al., 2018). To account for baseline drift, the MicroPEM was zeroed before each deployment using 

a HEPA filter. Additional details on the MicroPEM sensor, filter analysis, and quality assurance 

are provided in Appendix A.1.  

2.2.3  Gas sensor collocation and calibration 

Before deployment to Malawi, ARI013, ARI014, and ARI015 were collocated with EPA 

and NC-DEQ reference instruments (Fig. A.2) at a near-highway site near Durham, North 

Carolina, USA (35.865°N, 78.820°W) between 29 May and 15 June 2017 (boreal summer ï warm, 

mild season). ARI013 and ARI014 were collocated for 17 days. ARI015 was collocated for only 

8 days due to a defect identified early in the collocation. All data were recorded at 1 minute 

resolution. Collocation site details are provided in Appendix A.2. 

The pre-deployment collocation data were used to train, assess, and compare the 

performance of five modelling approaches to convert the raw voltage data to concentration units 

and to account for sensor interference and cross-sensitivities. Outlying data points in the raw 

ARISense gas sensor voltage data due to noise and power cycling were visually identified and 
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removed. Raw NO sensor data collected within 8 hours of a power cycle were also removed due 

to the extended warmup time of the NO-B4 sensor. ARISense data were time aligned with the 

reference data and both datasets were averaged to 5-min resolution. A random 70% of the 

collocation data were used for model training and the remaining 30% were withheld for testing. 

Performance assessment metrics were calculated only for the withheld data. 

Individual calibration models were built for each gas sensor (Ox, NO, NO2, CO) in each 

monitor (ARI013, ARI014, ARI015) using five modelling approaches: k-Nearest Neighbor (kNN) 

hybrid (Hagan et al., 2018), Random Forest (RF) hybrid (Malings et al., 2019a), High-Dimensional 

Model Representation (HDMR) (Cross et al., 2017), quadratic regression (QR) (Malings et al., 

2019a), and multi-linear regression (MLR). The five models were selected for consideration based 

on their performance in previous studies. The kNN hybrid model was found to enable accurate 

measurements even when pollutant levels were higher than encountered during calibration (Hagan 

et al., 2018). Given that we expected levels of some pollutants to be higher in Malawi than during 

calibration in NC, we expected kNN hybrid models to be well suited for our application. Further, 

the kNN hybrid approach is expected to be widely applicable to a range of pollutants, sensors, and 

environments (Hagan et al., 2018). In a calibration and validation study conducted by Malings et 

al. (2019a), RF hybrid models were recommended for any low-cost monitor using electrochemical 

sensors similar to their sensor package, the Real-time Affordable Multi-Pollutant (RAMP) 

monitor. Given that the RAMP and ARISense monitors use the same electrochemical sensors and 

have similar integrated designs, we expected RF hybrid models to perform well for our dataset. 

HDMR models were found to effectively model interference effects derived from the variable 

ambient gas concentration mix and changing environmental conditions over three seasons for the 

sensor types used in the ARISense package (Cross et al., 2017). Finally, MLR and QR are simple, 

popular calibration approaches and they were included in this study for that reason. 
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Table 2-1: Calibration modelling inputs for each gas sensor (CO = carbon monoxide, NO = nitrogen oxide, 
NO2 = nitrogen dioxide, Ox = oxidants) and model combination (óAllô indicates k-nearest neighbor (kNN) 
hybrid, random forest (RF) hybrid, high-dimensional model representation (HDMR), multi-linear 
regression (MLR), and quadratic regression (QR).ȹV is the voltage difference between the working 
electrode (WE) voltage and the auxiliary electrode (AE) voltage measured by each electrochemical gas 
sensor, RH = relative humidity, T = temperature, DP = dew point. 

 

Gas Sensor Data Inputs to Model Models applied  

CO CO ȹV, RH, T, & DP All  

NO NO ȹV, RH, T, DP, & NO WEa All except QR 

NO2 NO2 ȹV, RH, T, & DP All except QR 

Ox Ox ȹV, DP, & NO2 ȹV
 b All except QR 

akNN hybrid only 

bRF hybrid only  

 

The modelling inputs are summarized in Table 2-1. O3 models were designed to account 

for sensor cross-sensitivity to NO2 (Cross et al., 2017). Note that references to óO3ô indicate 

estimates made from calibrating the Ox sensor data. References to óOxô indicate raw voltage 

measurements from the total oxidant sensor. óOzoneô is used when referring to the gaseous air 

pollutant. For our study, the CO HDMR models were set to allow only first-dimensional 

interactions, as second-order interactions were observed to lead to spurious results for data 

collected outside the bounds of training data (see Sect. 2.3.3 - on deployment conditions). For the 

CO sensors, this effectively made the HDMR model equivalent to the MLR model. Therefore, the 

statistical metrics achieved by both models were identical and are shown as overlaid points on 

Figure 2.2a. 

2.2.4  OPC-N2 collocation and calibration 

ARI023 was collocated with a MicroPEM in an ambient, combustion source-influenced 

environment on a house rooftop (4 m above ground level) in Mikundi village in Mulanje District, 

Malawi (16.056°S, 35.535°E) between 25 July 2018 and 7 August 2018 (austral winter ï cool, dry 

season). We collected 130 hours of collocation data over three multi-day collection periods (i.e., 

3 PTFE filters). A 75% completeness requirement was applied before the raw 1 min data were 

averaged to 1 h and 24 h intervals. Sub-daily averaging intervals were used to assess the OPC-N2 

for near real-time (1 min) and diurnal trend (1 h) monitoring applications. A bin-wise RH-

correction algorithm based on ə-K hler theory was applied to correct for hygroscopic growth 

under high RH conditions, initially assuming particle density (ɟ) equal to 1.65 g cmī3 and aerosol 

hygroscopicity (ə) of 0.6 (Di Antonio et al., 2018). To observe sensitivity of this correction to the 



 

14 

 

assumed hygroscopicity, the density was held constant at 1.65 g cmī3 and the ə value was varied 

(ə = 0.15, 0.6, and 1). To observe variability due to the assumed source of the aerosol, the density 

and hygroscopicity were varied to approximate ammonium nitrate, dust, wildfire, and background 

aerosols. Aerosol property assumptions (ə and density) are based on Hagan and Kroll (2020) & 

Petters and Kreidenweis (2007).  

2.2.5  Assessment metrics 

We adapted performance metrics and target values from recently published U.S. EPA 

guidelines (Duvall et al., 2021b, a) to assess ARISense performance (Table A.1). The EPA 

guidelines suggest using linearity, bias, precision, and error metrics to assess air sensor 

performance and they offer target values for each. We use the U.S. EPA target values as a 

quantitative marker to indicate satisfactory or unsatisfactory sensor performance, however given 

the differences in our study compared to the U.S. EPA methodology, we do not consider these 

categorizations to be definitive. Further, we emphasize that even if a sensor meets, or surpasses, 

the performance target values for each metric, this does not constitute endorsement by the U.S. 

EPA. Their guidelines were developed for Ox and PM2.5 air sensors, and we used these to assess 

the ARISense Ox-B421 and OPC-N2 sensors, respectively. Although there are no formal 

guidelines for CO, NO, and NO2 sensors at the time of writing, for coherency, we opt to assess 

those sensors using a similar approach.  

The coefficient of determination (R2), an indicator of the correlation between estimated 

and true concentrations, was used to assess linearity. The root mean square error (RMSE) was used 

to assess error in the estimated measurements compared to the true values. The coefficient of 

variation (cV) was used to assess precision. Finally, to assess bias, a linear regression model (y = 

mx + b) was fit using the ARISense measurements as the dependent variable (y) and the reference 

measurements as the input variable (x), and the resulting slope (m) and intercept (b) were 

calculated. Quantitative descriptions for each metric are given in Appendix A.3. 

In addition, prediction intervals between the OPC-N2 and MicroPEM data were calculated 

to provide a statistical confidence interval to interpret OPC-N2 sensor measurements collected 

after the evaluation period (Bean, 2021). We calculated 68% (1-sigma) prediction intervals for the 

ARISense using collocation data from ARI023 (Table 2-2) collected at the Village 2 site (Figure 

2.1d). The 60-min averaged observations were used to fit a linear model, which required a Box-

Cox transformation (Box and Cox, 1964) to obtain normally distributed residuals (Fig. A.3). 

Details are given in Appendix A.3. 

2.2.6  Deployment to Malawi 

ARI013, ARI014, and ARI015 were deployed to their respective monitoring locations in 

Malawi from July 2017 to July 2018 (shown as blue markers on Figure 2.1). The three locations 

were selected to provide measures of regional variation and replicates in two paired village sites. 
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ARI013 (ñVillage 2ò site) and ARI014 (ñVillage 1ò site) were deployed < 5 km apart (Fig. A.5) 

in two rural villages in Mulanje, Malawi, adjacent to private residences. ARI015 (ñUniversityò 

site) was deployed >375 km northwest of the village sites at a rural university campus ~30 km 

from the capital city (Fig. A.6). Additional satellite images are given in Appendix A.4. 

Almost all rural households in Malawi (99.7%) use solid fuels (e.g., firewood, charcoal) 

for cooking (NSO, 2017). Emissions from widespread biomass cookstove use are known to impact 

local ambient air quality (Aung et al., 2016; Zhou et al., 2011; Amegah and Agyei-Mensah, 2017). 

Homes regularly using biomass cookstoves within 50 m of the monitoring sites were visually 

identified at the onset of the study (shown with red óXôs on Figure 2.1c-d).  
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Figure 2.1: (a) Satellite map of Malawi in southeast Africa, (b) three ARISense monitoring sites in Malawi, 
(c) satellite map of Village 1, and (d) satellite map of Village 2. Blue markers indicate ARISense monitoring 
sites. Red óXôs indicate the location of known biomass cookstoves within 50 m of the monitoring site. 
Image source: Google Earth Pro Version 7.3.4.8248. University, Village 1, and Village 2, Malawi, South-
eastern Africa. Borders and labels layer. Accessed: June 5, 2020. © Google Earth 2021. 

A timeline of the ARISense collocations and deployments is given in Table 2-2. After the 

one year ambient deployment was completed, the ARISense were used for high-concentration 

emissions monitoring experiments in rural Malawi in July and August 2018. The details of those 

experiments (i.e., number of experiments, duration, approximate CO concentrations) are discussed 

in Appendix A.5. We explore the impact of these experiments on sensor operation, but we do not 

discuss the data itself in this paper. 
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Table 2-2: Project timeline of collocations, deployment, and emissions monitoring experiments. The 
description under each period indicates the activity conducted during that timeframe. The location of the 
activity is given in parenthesis. 

aData from emissions monitoring experiments not discussed in this paper 

At the conclusion of the emissions monitoring experiments, ARI013 and ARI014 were 

returned to NC and were collocated with reference instruments at the near-highway Durham, NC 

site used in the pre-deployment collocation (described in Sect. 2.2.3). ARI015 was relocated to a 

new monitoring site in Malawi. 

2.2.7  Remote sensing and reanalysis data 

Two publicly available NASA data products were obtained from the Goddard Earth 

Sciences Data and Information Services Center (GES-DISC) Interactive Online Visualization and 

Analysis Infrastructure (GIOVANNI): 1) area-averaged, monthly Multispectral CO Surface 

Mixing Ratio (Daytime/Descending) from MOPITT and 2) CO Surface Concentration - 

ENSEMBLE from MERRA-2, henceforth referred to as ñMOPITTò and ñMERRA-2ò, 

respectively. MOPITT is a calibrated satellite observation and MERRA-2 is a global reanalysis 

data product. MERRA-2 is the output of an atmospheric chemistry model that has assimilated other 

data, including satellite data, in making its estimations. Monthly averaged MOPITT and MERRA-

2 observations were compared to ARISense CO surface data collected at the Village and 

University locations. Given the physical proximity of Village 1 and Village 2, and the similarity 

in monthly mean CO concentration at each site (Fig. A.7), the average of the data sets (ñVillage 

Meanò) was used. Additional details are given in Appendix A.6.  

2.3 Results and Discussion 

2.3.1  Gas sensor performance during collocation 

Raw gas sensor voltages (5-min averaged data) from all three ARISense monitors (ARI013, 

ARI014, ARI015), excluding the Ox sensor in ARI015, were highly correlated (R2 > 0.8) during 

the pre-deployment collocation, suggesting changes in sensor response were due to environmental 

changes, not sensor-to-sensor variability (Fig. A.9). The sensors in ARI013 and ARI014 were most 

closely correlated (R2 > 0.9). The raw ARI015 Ox sensor data showed weaker temperature 

dependence and the lowest correlation (R2 < 0.6) with Ox sensors in ARI013 and ARI014 (Fig. 

A.9). 

 ARISense May - June 2017 July 2017 - July 2018 July - Aug 2018 Aug 2018 - Mar 2019 

ARI013 Collocation (NC) Deployment (Village 2) Emissions monitoring (Village 2)a Collocation (NC) 

ARI014 Collocation (NC) Deployment (Village 1) Emissions monitoring (Village 2)a Collocation (NC) 

ARI015 Collocation (NC) Deployment (University) Emissions monitoring (Village 2)a n/a 

ARI023  n/a  n/a  OPC-N2 collocation (Village 2) n/a 
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Figure 2.2 shows two performance metrics representing each sensor-model combination 

for the three ARISense. Data points toward the lower left corner of each Fig. 2.2 panel indicate 

better performance. Results from all ARISense-sensor-model combinations for all five 

performance metrics are given in Tables A.4-A.6. We found that performance varied by ARISense 

monitor, but none of the ARISense consistently performed better than the others. Overall 

performance varied by gas sensor type and modelling approach. The calibrated NO2 sensors in all 

three ARISense were the least correlated with reference measurements compared to the other gas 

sensors. Only the ARI015 NO2 sensor, calibrated by the RF hybrid model, surpassed the target 

value for the linearity metric (R2 > 0.8). Further, no NO2 sensor-model combination met the bias 

target values for slope and intercept. For all three ARISense, the calibrated NO2 sensors 

underestimated the true concentration compared to the reference (0.26 < m < 0.71). However, all 

NO2 sensor-model combinations met the error target (RMSE < 5 ppb) and approached the 

precision metric target.  

At the other end of the performance spectrum, the calibrated O3 sensors performed the best 

compared to the other gas sensors during pre-collocation. Nearly all O3 sensor-model approaches 

attained similar linearity and error metrics (0.85 < R2 < 0.99 and 2 < RMSE < 5 ppb), well within 

the target values. Only the ARI015 Ox sensor calibrated by the RF model failed to meet the RMSE 

target value, yet it returned the highest R2 value compared to the other models. Additionally, all 

Ox sensor-model combinations met the slope and intercept target values for bias. For the kNN 

hybrid model, the calibrated O3 observations had a slope approximating 1 (m > 0.98) and an 

intercept of 0, suggesting minimal bias. Only the precision values (37% < cV < 54%) were outside 

the EPA guideline target range (cV < 30%).  

Most NO sensor-model combinations met the target value for the bias, error, and linearity 

metrics, but precision was low for all combinations assessed, with most cV values > 100%. This 

suggests that the variation in the NO data set was due to the raw sensor or reference measurements, 

rather than the modelling approaches. The MLR model was associated with the worst performance 

for all three NO sensors compared to the other models. However, for ARI015, all NO sensor-model 

combinations surpassed the target for every metric except precision. Again, the ARI015 gas 

sensor-RF hybrid model combination was the outlier compared to ARI013 and ARI014 sensor-

model combinations (Table A.6). We hypothesize that the shorter collocation period of ARI015 (8 

days compared to 17 days of collocation for ARI013 and ARI014) led some of the sensor-model 

combinations to be overfit or poorly constrained.  

Most CO sensor-model combinations met or approached the target values for bias, 

linearity, and precision. The U.S. EPA recommended Ox target values for these three indicators 

(Table A.1) can be used to compare against the CO sensor values to approximate performance, but 

we surmise the error target value (RMSE Ò 5 ppb) cannot. The U.S. EPA National Ambient Air 

Quality Standards suggest CO concentrations are 1-2 orders of magnitude larger than ambient 
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ozone or NOx concentrations. By extension, we posit that a reasonable error target value for the 

CO sensor is 50 ppb. Except for the CO-kNN hybrid model combination, most CO sensor-model 

combinations did not meet our adapted error target value. However, considering the magnitude 

differences, the CO sensor-model combinations performed similarly to the NO, NO2 and Ox 

sensors in terms of error. The CO RMSE values (40-70 ppb) were correspondingly one order of 

magnitude larger than NO, NO2, and O3 RMSE values (2-7 ppb).  
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Figure 2.2: Performance comparison of gas sensors (a) CO, (b) NO, (c) NO2, and (d) O3 as calibrated by 
the five types of modelling approaches adopted for this study (kNN hybrid, RF hybrid, HDMR, MLR, QR). 
The model type is indicated by color and marker shape. An individual data point represents the paired 
metrics (RMSE and R2) for one ARISense monitor. Since there are three ARISense (ARI013, ARI014, 
ARI015) monitors, there are three markers for each gas sensor-model combination. RMSE is root mean 
square error. R2 is the coefficient of determination (-infinity Ò R2 Ò 1). The lower left corner region of each 
panel indicates the highest performance based on these metrics. 

For the suite of gas sensors in the ARISense monitors, we found the kNN hybrid model to 

be the best among the modelling approaches used in the pre-deployment collocation testing (Fig. 

2.2). In almost all cases, the kNN hybrid model returned higher R2 values, slope values closer to 

one, and lower RMSE values than any other model. The RF hybrid model attained similar, and 
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occasionally higher R2 values than the kNN hybrid, but it had higher (and therefore worse) RMSE 

values by comparison. Further, the kNN hybrid model showed the least inter-monitor variation in 

performance. In Fig. 2.2b-d, the kNN hybrid points are closely clustered together, suggesting that 

this model was able to attain similar performance for each of the three ARISense. Conversely, the 

other models, in particular the RF hybrid and MLR, showed a wide range in performance across 

the three ARISense. Even if another model was able to attain performance metrics higher than the 

kNN hybrid (e.g., HDMR and MLR CO models in Fig. 2.2a) it was only for one of the three 

ARISense monitors, never all three. Additionally, the MLR failed to meet target values for some 

ARISense-gas sensor combinations (Fig. 2.2a-b). Taken together, these findings suggest the kNN 

hybrid model is the best choice among these five modelling approaches for our application, given 

that we sought an approach uniformly applicable to all the gas sensors and all three ARISense. 

2.3.2  OPC-N2 performance during collocation 

Pre-deployment collocation PM2.5 measurements in North Carolina (where no reference 

monitor/data were available) from ARI013, ARI014, and ARI015 suggest the Alphasense OPC-

N2 sensors in each monitor responded similarly (R2 > 0.9) when in the same environment (Fig. 

A.10). ARI013 PM2.5 mass concentration measurements were higher than measurements made by 

ARI014 and ARI015 (slope > 1), despite all ARISense being in the same location. ARI015 

underestimated the mass at low concentrations compared to ARI013 and ARI014 (non-linear 

clustering at concentrations < 5 µg m-3 in Fig. A.10a and c). The OPC-N2 sensors in ARI014 and 

ARI015 showed the highest similarity (slope = 1 ± 0.05, R2 = 0.96).  

Figure 2.3 shows scatter plots of the ARI023 OPC-N2 and MicroPEM data collected during 

collocation at the Village 2 site in Malawi (Fig. A.11). RH-correction partially mitigated the impact 

of overestimation due to hygroscopic growth but did not remove the artifact entirely (Fig. A.12). 

RH-correction improved the precision and error metrics, bringing RMSE within the target value 

(Ò 7 Õg m-3) for the 24 h averaged data (Table A.7). Increased averaging interval had a similar 

effect, but alone was insufficient to bring RMSE within the target range. Linearity was well below 

the target value (R2 > 0.7) for all averaging intervals and RH-correction did little improve 

performance for this metric. For this data set, changes in bias and linearity appeared driven by 

averaging interval. For example, the OPC-N2 RH-corrected 1 minute data met the target for slope 

and intercept, but the 1 h and 24 h averaged data met neither. Particularly for the 24 h averaged 

data, the small sample was leveraged by a few points which drove metric values (Fig. 2.3c), 

however, close 1:1 agreement between the instruments was observed for four of the seven days of 

collocation. These results highlight the value of longer and more representative collocations. At 

least two 30-day collocations would be needed, during the hot-dry (Sep to Oct) and warm-wet 

(Nov to Apr) seasons, to characterize this specific site.  
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Even after RH-correction, the OPC-N2 overestimated mass concentrations compared to the 

nephelometer when RH was Ó 70%. Conversely, the OPC-N2 often underestimated mass when 

RH was Ò 30%. These effects were most noticeable at higher time resolutions (Fig. 2.3a-b). The 

effects of RH were tempered by a longer averaging interval, however for a particularly humid day 

at this site, the 24 h mass concentration was overestimated by a factor of three (Fig. 2.3c). Notably, 

the moderate-RH outliers in the 24 h average scatter plot suggest that other factors, in addition to 

RH, were contributing to error in the OPC-N2 observations. 

 

Figure 2.3: Scatter plots of RH-corrected PM2.5 mass concentration measurements from the OPC-N2 
versus mass-corrected PM2.5 measurements from the MicroPEM at 1 min (a), 1 h (b), and 24 h (c) 
averaging intervals. Data points are colored according to RH (%) conditions. The number of data points 
(N) and linear fit lines and regression coefficients (m, b) are given in red as Y = mx + b. Additional metric 
values are inset: R2 is the coefficient of determination, RMSE is root mean square error (units of ɛg m-3) 
assuming the MicroPEM is the reference instrument, and cV is coefficient of variation. The black, dashed 
line is a 1:1 line. 

To explore other contributors to variable OPC-N2 performance, Figure 2.4 shows 

performance for RH-corrected data stratified by environmental conditions (wind direction, 

ambient concentration, and RH). Wind direction and concentration (Fig. 2.4a-b were selected to 

explore the possible effect of nearby cookstove emissions, while Fig. 2.4c highlights the remaining 

effect of RH even after correction. We hypothesized that ambient concentration and wind direction 

might impact OPC-N2 performance given that the site was periodically exposed to cookstove 

emissions from the Village 2 site household kitchen (within 15 m to NW) and from adjacent 

residences (within 50 m to the S-SW in Fig. 2.1d). Figure 2.4 shows that wind direction was 

associated with performance variation, although to a lesser degree than RH. Slightly increased 

performance was observed for northerly winds. Nearby cookstove use potentially explained the 

decreased performance associated with southerly winds. Four of the five morning cooking periods 

observed in the time series data were associated with wind blowing from the SE-S-SW (Fig. A.14). 

Figure 2.4b shows that ambient concentration had a modest impact on OPC-N2 performance 

metrics. Linearity was expected to increase with concentration, particularly given that the high-
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concentration bin (20-105 µg m-3) spanned a larger interval than the other bins. Precision within 

each concentration bin was low. The cV values were well beyond the recommended target value 

(cV < 30%). The OPC-N2 frequently underestimated the ambient mass concentration compared to 

the MicroPEM, particularly during higher concentration periods dominated by near-field biomass 

burning (i.e., slope = 0.4 for measurements between 20 to 105 µg m-3). During periods of cookstove 

influence, the size distribution, hygroscopicity, and optical properties of the measured aerosol were 

likely altered. Assumptions about the source aerosol (density and hygroscopicity) used in the RH-

correction were found to affect inferred OPC-N2 performance compared to the MicroPEM, though 

not predictably. For example, higher linearity and lower RMSE were observed when the particle 

composition was assumed to be highly hygroscopic (ə = 1), yet the least bias was observed at the 

lowest hygroscopicity assessed (ə = 0.15). Further, when the aerosol was assumed to be 

characteristic of wildfire (rather than ammonium nitrate, dust, or background in origin), the bias 

between the OPC-N2 and MicroPEM disappeared (slope = 1.02), yet the error metric was among 

the highest in the four aerosol categories and was above the target value (Table A.10). These 

findings suggest more research is warranted to explore how changing aerosol characteristics (both 

assumed and actual) impact optical particle sensor performance. Summary statistics for each 

performance assessment metric are given in Tables A.8-A.10 in Appendix A.8. 

 

Figure 2.4: Performance comparison of the RH-corrected Alphasense OPC-N2 compared to the MicroPEM 
under different environmental conditions: (a) wind direction, (b) ambient concentration, and (c) relative 
humidity during collocation at the Village 2 site in Mulanje, Malawi. An individual data point represents 
the paired metrics (RMSE and R2) for the OPC-N2 for a specific range of each condition. The histograms 
(inset) show the normalized frequency distributions for the ranges of each condition recorded during the 
collocation period. The colored markers in each panel correspond to the colored histogram bins. The metrics 
were calculated from 60-min averaged RH-corrected OPC-N2 PM2.5 concentrations compared to the 
MicroPEM mass-corrected nephelometer. RMSE is root mean square error, assuming the MicroPEM 
concentrations as the true values; R2 is the coefficient of determination. The lower left corner region of 
each panel indicates the highest performance based on these metrics. 
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In this deployment site, the OPC-N2 performed the best compared to the MicroPEM during 

dry conditions (20 to 40% RH) and when measuring background aerosol rather than source 

emissions (Fig. A.14 - presumed based on time series data). However, this result might be partially 

due to the coincident effects of high RH (Fig. 2.7). Figure 2.4c shows OPC-N2 behaviour was 

affected by changes in ambient RH. In general, performance decreased with increasing RH, and 

this effect remained even after RH correction. For RH = 20 to 40%, RH-corrected OPC-N2 

performance approached or exceeded the target values for the linearity, error, and precision metrics 

(Table A.8). After RH increased past 70%, the R2 value approached zero and the RMSE increased 

beyond the target value. Unfortunately, the inset histogram of Fig. 2.4c shows that an RH range of 

60 to 80% was typical for this site during collocation.  

We found that the OPC-N2 at this specific site underestimated mass concentration 

compared to the MicroPEM, based on less than unity slope values. The performance was variable 

at low ambient concentrations and largely dependent on RH (Fig. A.13). However, outside of very 

humid (RH > 70%) or very dry (RH < 30%) conditions, the RH-corrected OPC-N2 could estimate 

the PM2.5 mass concentration within about 10 ɛg m
-3 of the MicroPEM value for real-time, hourly, 

and daily monitoring purposes (based on RMSE in Table A.7). The findings from this section 

highlight the importance of quality assurance for low-cost optical particle sensor mass 

concentration measurements, especially those made in environments with highly variable 

meteorology and nearby ultrafine aerosol sources. For this site, contextual information on 

meteorology and emissions sources and their diurnal patterns helped interpret and evaluate the 

measurements. 

2.3.3  Gas sensor performance during deployment 

Given that RH, T, DP, and differential voltage were inputs to the calibration models, the 

ranges of these values during collocation in NC should mimic the ranges expected during 

deployment in Malawi. Otherwise, the model is required to extrapolate beyond its training bounds, 

which could lead to non-physical results (e.g., negative concentration values). Further, the 

performance assessment statistics derived from the collocation cannot be expected to hold for 

conditions far beyond those experienced during the performance characterization. Overall, the 

collocation and deployment settings exhibited a similar range of environmental conditions (Fig. 

A.15-A.16), but T and RH ranges in NC (15 to 40°C and 20 to 80%) were less extreme than in 

Malawi (10 to 45°C and 10 to 95%). While in Malawi, the ARISense experienced more time at 

lower temperatures (T < 25°C), lower gaseous concentrations (other than CO), and lower ambient 

pressure (5 to 15 kPa lower depending on the location). Although the ARISense were deployed at 

a higher elevation in Malawi than during the collocation in North Carolina (625 m vs 120 m above 

sea level), all models were built using the differential voltages (WE-AE) of each electrochemical 

gas sensor. Therefore, the pressure-related shifts in the WE and AE baseline were not expected to 

pose an issue to the calibrated Malawi data. The variation in pressure was within the operating 
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range given on the sensor specification sheets (80 to 120 kPa) and was stated not to have long term 

impacts by the manufacturer (Alphasense FAQs, 2021). Further, others have shown no statistically 

significant change in electrochemical sensor sensitivity due to changes in pressure (Popoola et al., 

2016). Even so, we did not have the laboratory chamber data to investigate this potential issue. 

2.3.3.1  Bivariate histograms 

Figure 2.5 shows bivariate distributions of T, RH, and gas sensor differential voltage data 

collected in NC and Malawi. In addition to capturing interactions between variables, Fig. 2.5 

shows that even when in the same environment during the NC collocation, the individual sensors 

in each ARISense responded differently. Compared to ARI013 and ARI014, the Ox sensor in 

ARI015 showed weaker temperature dependence (Fig. 2.5c). Since ARI015 had a shorter 

collocation period, it could be hypothesized that if ARI015 were present in the collocation 

environment for the same amount of time as ARI013 and ARI014, its response would look more 

like the ranges measured by the other sensors. However, this cannot fully explain the variation 

between individual sensors. For example, there is considerable variation between the ARI013 and 

ARI014 NO2 differential voltage ranges (grey regions in Fig. 2.5g-h), despite having identical 

collocation periods. Further, the raw CO sensor data for all three monitors showed much less inter-

sensor variation (grey regions in Fig. 2.5d-f), even despite the shorter collocation period of 

ARI015. This inter-sensor variation, which appears largest for the NO2 sensors, may partially 

explain the lower performance of this gas sensor group during calibration model performance 

testing, compared to the other gas sensor types (Fig. 2.2). 
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There were notable regimes in Malawi that required the calibration models to extrapolate 

beyond NC training conditions. NO differential voltage responses in NC and Malawi did not 

completely overlap (Fig. 2.5g-i), especially in the low-concentration regime (i.e., V near 0 mV) 

which was more frequent in Malawi. The collocation site in NC was 10 m from an 8-lane freeway 

Figure 2.5: Bivariate distributions of gas sensor calibration model data inputs (RH, T, and Ox, CO, NO, 
and NO2 differential voltage) for each ARISense monitor using kernel density estimation. Density is 
reflected in the color scheme; Darker colors indicate more data points in that region. Training data collected 
during collocation in North Carolina are shown in grey; data collected during deployment to Malawi are 
shown in color. ARI013 was deployed to the Village 2 site, ARI014 to the Village 1 site, and ARI015 to 
the University site. Regions where the deployment distributions overlap with the NC collocation 
distributions indicate the regimes for which the calibration models were trained. Regions where the 
deployment location distributions extend beyond the NC collocation distributions indicate regimes where 
the calibration models must extrapolate to estimate pollutant concentrations. These regions are indicated 
by overlaid markers óxô and ó+ô and are discussed in the text. 
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(Saha et al., 2018), therefore NOx concentrations were higher than in rural Malawi where vehicles 

and industry are rare. However, for ARI014 in Village 1, there was a higher NO2 response in the 

deployment environment compared to the collocation environment. This could be partially 

explained by sensor interference by RH and T, which were more extreme (i.e., beyond the training 

ranges) in Malawi (Fig. A.17). Figure 2.5e shows the maximum ARI014 CO differential voltage 

in Malawi (350 mV) was three times higher than the maximum voltage registered in NC (100 mV). 

This high CO regime is denoted by an óxô on Fig 2.5e. This difference was consistent with 

observations of nearby sources (Fig. 2.1c-d). ARI014 was deployed in more densely populated 

Village 1, adjacent to more biomass cookstove activity than ARI013 or ARI015 (Fig. 2.1c). In 

general, we expected higher CO in Malawi than in NC, where biomass burning is less common 

and emissions from other sources (e.g., vehicles) are controlled by strict federal regulation.  

The Ox differential voltage ranges were the most dissimilar between the collocation and 

deployment environments. The most frequent regimes, the heaviest shaded regions in Fig. 2.5a-c, 

did not fully overlap for any of the ARISense. In NC, the relationship between the Ox sensor 

voltage and ambient temperature was positive and monotonic. Higher temperatures generally 

facilitate ozone production, therefore this relationship fit our expectation for an urban site in a 

single season. However, the positive relationship between Ox sensor voltage and temperature did 

not always hold in the deployment sites. Figure 2.5a-c shows a high temperature-low ozone regime 

in Malawi (regions denoted by a ó+ô marker) that was not present in the NC data. Further, for all 

three Malawi sites, the minimum Ox sensor voltages were lower (-10 < Vmin < 0) than minima in 

the NC collocation. 

2.3.3.2  Diurnal trends 

Since the deployment sites did not have reference data for quantitative comparison, we 

calculated and compared the annual mean diurnal trends of each pollutant at each site, as predicted 

by the five models to qualitatively assess the transferability of the calibration models to Malawi. 

Our definition of a transferable model required that it produce: (a) non-negative concentration 

values and (b) diurnal trends consistent with our first-hand observations of nearby emission 

sources and their timing, previous observations of diurnal trends in regions with widespread 

biomass cookstove use (Dionisio et al., 2010; McFarlane et al., 2021; Subramanian et al., 2020), 

and knowledge of atmospheric chemistry. Non-physical predictions from a given model may 

indicate that differences between the collocation and deployment environments were too large to 

extrapolate and therefore any deployment results calibrated by that model are likely not reliable. 

Alternatively, coherency among the concentration values and trends estimated by the models may 

suggest that the deployment results are robust against variation in the modelling approaches. This 

analysis can contribute to our confidence in the estimated concentration values and trends but 

cannot address or estimate the quantitative error. Diurnal trends in Figure 2.6 suggest the kNN 

hybrid model was the most transferable for interpreting deployment data for all gas sensors. 
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However, both the kNN and RF hybrid models predicted similar trends and values for most 

sensors. The MLR and HDMR models also predicted similar trends, but frequently predicted 

negative values. 

 

Figure 2.6: Diurnal trends of calibrated gas measurements (rows) at each site (columns) in the three 
deployment environments. QR model built for and applied to CO data only. The thick line indicates hourly 
mean, the shaded region indicates interquartile range. Midnight is the zero hour. The hours are in local time. 
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Calibrated CO data showed the highest coherency across model predictions and were rarely 

non-physical (Fig. 2.6). All models predicted similar diurnal trends, specific to each site. 

Knowledge of the nearby emission sources and activity patterns lend support to the calibrated CO 

data. For example, the village monitors were adjacent to widespread household biomass cookstove 

activity, coincident with the concentration peaks seen in the diurnal data. This diurnal cooking 

pattern was observed in both CO and OPC-N2 data (Fig. 2.6 and Fig. 2.7, respectively) at both 

village sites and was measured in complementary emissions monitoring work (Chapter 4). Further, 

ARI014 was in a more densely populated village than ARI013, contributing to higher CO peaks 

(Fig. 2.1c). The QR model overestimated CO peaks compared to other models for the Village 1 

data, likely because the model training set did not include high concentration data (Fig. 2.5e) and 

the quadratic term was not well constrained. Despite the calibrated CO measurements in Malawi 

being higher than the concentrations experienced in NC, particularly for ARI014 in Village 1, we 

expect that the calibrated CO measurements from Malawi are credible (excluding the QR model). 

We provide the following reasons for justification: a) the manufacturers report that the sensor 

response is expected to be linear up to 500 ppm (Alphasense, LTD., 2019), b) RH/T interference 

induced on the CO-B4 sensor, approximately 0.2 mV/ppb (Lewis et al., 2016), has relatively less 

influence on overall sensor readings in the higher voltage (i.e., concentration) regime c) all 

modelling approaches (other than QR) predicted highly similar diurnal trends and concentration 

values, and d) there were known CO emission sources, with diurnal usage patterns matching the 

observed trends, near the monitoring sites. This suggests, for this specific sensor under these 

conditions, that these modelling approaches (other than QR) could reliably extrapolate beyond the 

training data limits to provide reasonable measurements in the deployment environment. 

The calibrated NOx data showed less coherency than the CO data. NO2 trends were similar 

across the sites and concentrations were rarely negative, but calibrated NO trends varied across 

models and the lower performing models (HDMR and MLR) often predicted negative values. The 

better models identified in the NC collocation, kNN and RF hybrid, suggested that mean ambient 

NOx levels in Malawi were low (< 15 ppb). We have lower confidence in the calibrated NOx 

measurements in Malawi for the following reasons: a) the calibrated observations (5 to 20 ppb) 

were on the same order of the noise level reported on the sensor specification sheets (15 ppb) and 

b) the lack of coherency observed between model predictions. Low ambient NOx levels and a lack 

of representative data in the NC collocation data likely contributed to the non-physical 

concentrations predicted by the models in Malawi.  

The calibrated Ox sensors performed the best during collocation testing compared to the 

other gas sensors, but in Malawi the calibration models frequently returned non-physical values 

and showed inconsistent annual diurnal trends between the models and across the sites. For 

ARI014 and ARI015, the O3 trends were consistent in shape and magnitude and were aligned with 

the expected diurnal trend (i.e., peaking at midday). Peaks in the mean concentration were between 
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10 and 30 ppb, plateauing from 10 AM and 3 PM local time. The RF hybrid model at the ARI015 

University site estimated the O3 peak to occur earlier in the day compared to the other models and 

sites. This may be the result of a spurious relationship between Ox voltage and DP in the collocation 

data set on which the RF Hybrid model was trained, which held at the Village sites but not at the 

University site. At the Village 2 site (ARI013), there was a change in raw differential voltage 

response after December 2017 that caused all models to fail for the second half of the deployment. 

All models either consistently predicted negative values, values < 1 ppb, or failed to reproduce the 

expected diurnal trend (i.e., peaking around 9am rather than midday). Only Ox data collected 

before December 2017 resulted in reasonable calibrated values and trends (Fig. A.18). Notably, 

Ox data collected after December 2017 corresponded with the high temperature-low ozone regime 

(Fig. A.19) shown in Figure 2.5a-c. Despite the Ox differential voltage data spanning a similar 

range in both NC and Malawi, there was little overlap in the ozone dimension at comparable 

concentration, RH, and T conditions. Since ozone is a secondary pollutant driven by complex 

atmospheric processes and multiple precursors, the ambient conditions that increase or decrease 

ozone formation in one region may not hold in another environment. Although the calibrated Ox 

sensors performed better than the other gas sensors in NC, the models were tuned for a set of 

conditions that did not hold in Malawi.  This suggests that for these Ox sensors and these modelling 

approaches, a lack of environmentally similar collocation data compromised our ability to reliably 

interpret calibrated O3 measurements in this specific deployment environment. 

2.3.4  OPC-N2 performance during deployment 

To evaluate the long-term performance of the OPC-N2 during deployment in Malawi, we 

examined the representativeness of the collocation conditions for the full year of conditions 

experienced during deployment. Figures A.20-A.21 show normalized histograms of the T, RH, 

and PM2.5 mass concentration observed during the collocation and the full-year deployment in 

Malawi, suggesting the two data sets spanned a similar range of environmental conditions. 

However, the collocation occurred during the cool, dry season, and RH minima and maxima 

(regimes associated with deficient performance during collocation ï see Section 2.3.2) were more 

extreme during the 1 year deployment in Malawi.  
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Figure 2.7 shows the annual diurnal trend of the mean PM2.5 mass concentration, with 1-

sigma prediction intervals, using hourly-averaged, RH-corrected data from each deployment 

location. Peak PM2.5 concentrations were observed around 6 AM local time at all sites, when 

morning biomass cookstove activity coincided with high RH (and more atmospherically stable) 

conditions. Figure 2.6 shows that the diurnal trends of ambient CO (another pollutant emitted by 

biomass burning) were similar to the PM2.5 diurnal trends at each site. Again, the largest peaks 

were observed at the more densely populated ARI014 Village 1 site. The prediction intervals were 

widest between 5 and 7 AM local time, indicating overall low confidence in OPC-N2 

measurements during this period. Afternoon and overnight means, coinciding with drier 

conditions, were similar across all three sites and prediction intervals were narrowest during 

afternoons. Data from the more remote locations (ARI013 and ARI15) suggest background 

concentrations of PM2.5 in rural Malawi were low (5 to 15 µg m-3), but the OPC-N2 could not 

reliably quantify peak concentrations that were high and variable, dependent on the nearby sources 

and covariance with ambient meteorology (RH). Despite this, qualitative data from the OPC-N2 

sensors was sufficient to identify nearby source activity and indicate periods when ambient 

Figure 2.7: Diurnal trends of the integrated mean PM2.5 mass concentration measured by the OPC-N2 in 
each ARISense at each deployment site (left axis) and the annual relative humidity at the Village 2 site 
(right axis). Error bars represent the calculated 1ů (68%) prediction interval of the hourly mean value. The 
red text annotation indicates the upper limit of the Village 1 prediction interval at 6 AM (beyond the range 
of shown y-axis). Thick lines indicate hourly mean and shaded regions indicate interquartile range. 
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concentrations were likely high enough to be harmful to human health (and at least partially driven 

by cooking activities associated with higher exposure concentrations). 

2.3.5  Comparison of ARISense CO to remote sensing and reanalysis data 

Given the absence of additional in-situ surface data, we rely on satellites and models to 

estimate surface air quality for comparison of our results. To contribute to the literature on surface-

to-satellite comparisons over Africa, we compared calibrated ARISense CO observations to a 

satellite observation (MOPITT) and a model estimate (MERRA-2) in our study region. We 

confirmed that all three data sets reported similar annual qualitative trends, although they disagreed 

in magnitude. This analysis was limited to CO, given that the calibrated CO observations were the 

most dependable of the ARISense gas data and NASA remote sensing data products were more 

readily available for CO compared to O3 or NOx.  

Figure 2.8 shows the mean monthly CO from the University (ARI015) and Village Mean 

(average of ARI013 and ARI014) sites compared to that from two area-averaged remote sensing 

products: CO surface mixing ratio from MOPITT and CO surface concentration from MERRA-2. 

All three data sets were compared from July 2017 to July 2018, focusing on differences between 

the peak agricultural burning (Sept to Oct) and non-burning (Dec to Jul) seasons. November and 

August were excluded from either description (peak burning or non-burning) for the following 

reasons: (a) a review of fire studies in the region consistently reported Sept and Oct as the dominant 

months of the burning season (Nieman et al., 2021), (b) Aug and Nov mark the beginning and end 

of the fire season, respectively, therefore cannot be considered non-burning months, (c) the 

exclusion of Aug and Nov better captures strong seasonal differences, providing a measurable 

benchmark to compare the satellite and surface data, and (d) ARISense data for the Village sites 

was unavailable for Nov 2017 (see Sect. 2.3.7 - on difficulties in deployment).The MERRA-2 data 

set was complete for the full year of interest, but MOPITT was missing data for the Village Mean 

region in February and March 2018. The remote sensing data sets were more similar to one another 

at the Village Mean site compared to the University site. At both sites, MOPITT reported higher 

CO concentrations than MERRA-2, especially in the peak burning season.  
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All three datasets (MOPITT, MERRA-2, and ARISense) indicated that annual mean CO 

concentrations were slightly higher overall at the University site than at the Village site, although 

this was less pronounced in MERRA-2. Similarly, all three data sets showed increased ambient 

concentrations during the peak burning season compared to the non-burning season at both sites. 

For ARISense, MOPITT, and MERRA-2 observations, respectively, peak season means were 

larger than non-burning season means by 160 ppb, 130 ppb, 60 ppb (Village Mean) and 190 ppb, 

115 ppb, 50 ppb (University). Although the ARISense indicated larger absolute differences 

between seasons, the relative increase at both sites was only about 50% of the non-burning season 

Figure 2.8: Monthly carbon monoxide (CO) concentration (ppb) reported by the surface ARISense (Tukey 
box plots) and remote sensing data products (lines and markers indicating mean monthly value) at the (a) 
Village Mean and (b) University sites. Top and bottom of boxes indicate 75th and 25th percentiles, whiskers 
show 9th and 91st percentiles, midline indicates median, and stars indicate mean. The ARISense surface 
data were at least 80% complete for each month except where noted with a percentage text label. Data for 
July 2017 and July 2018 were averaged. Village Mean represents the average of ARI014 (Village 1) and 
ARI013 (Village 2) data. The annual mean from each data source is given on the right axis. MOPITT 
(Multispectral CO Surface Mixing Ratio Daytime/Descending) is a satellite measurement; MERRA-2 (CO 
Surface Concentration -ENSEMBLE) is a global reanalysis product. 
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mean, while MOPITT and MERRA-2 reported increases of 125% and 75%, respectively. This 

could be explained by ARISense proximity to small-scale combustion activity not resolved by 

satellite imaging. Satellite-based observations approximate ambient background concentrations, 

which increased during the peak season due to regional agricultural burning. Meanwhile, the 

ARISense were exposed to ambient background concentrations as well as nearby biomass 

cookstove emissions, which presumably remained consistent throughout the year, showing a lower 

relative seasonal increase during the peak burning season. Quantitative disagreement between 

surface and remote CO observations was highest during the burning season, especially at the 

University site (Fig. 2.8). Remote sensing data suggested higher CO concentrations at the 

University compared to the Village Mean during non-burning periods, but during the peak burning 

season this difference shrank and similar concentrations were observed across both sites. 

Conversely, differences between ARISense observations grew by about 6% during the peak 

season. MERRA-2 and MOPITT concentrations were highest in September, consistent with 

ARISense data at the University site, but not the Village Mean site which peaked in October. 

However, 90% of the October CO data were missing for the Village site.  

Monthly mean CO ARISense values were 2 to 4 times higher than those reported by 

MOPITT and MERRA-2. We found differences of 175 to 200% between the annual mean CO 

concentration from ARISense and MOPITT, depending on the site, and even larger differences 

(up to 360%) with MERRA-2. Differences between MOPITT and MERRA-2 were smaller (30 to 

35%). There are few comparable studies available to explain these differences, which are greater 

than previously reported in the literature available for SSA. One study in South Africa reported 

relative differences of ±40% between ground-based CO measurements and Aura satellite 

observations at Cape Point station (Toihir et al., 2015). Many studies found good agreement 

(within 10-20% bias) between ground measurements and MOPITT observations, but this was for 

Total Column CO, and the observations were not limited to comparisons over Africa (Buchholz et 

al., 2017; Emmons et al., 2004, 2009; Yurganov et al., 2008, 2010). However, these studies found 

negative satellite bias when intense biomass plumes affected observations, when CO levels were 

low in the Southern Hemisphere, or when atmospheric CO levels changed rapidly (Buchholz et 

al., 2017; Emmons et al., 2004; Yurganov et al., 2008, 2010). Each of these conditions could be 

expected to occur in the southern Africa troposphere, potentially explaining differences observed 

between the ARISense and remote sensing observations in this study.    

This comparison of low-cost sensor surface data, satellite observations, and model 

estimates in Malawi suggests each of these resources can give consistent information on 

qualitative, long-term trends in a region without ground-based reference monitoring. However, 

because of inherent differences in spatial and temporal resolution, each observation will disagree 

in magnitude. Satellite retrievals and real-time surface measurements do not result in directly 

comparable quantities. Satellite data are collected as a once-daily flyover observation, averaged 
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over a ~12,000 square kilometer area (corresponding to 1° spatial resolution). In contrast, the 

ARISense data were 1 min resolution, fixed-site, long-term point measurements at the surface. 

Further, the ARISense data were collected near visually identified biomass emission sources and 

were not representative of background conditions. Meanwhile, the satellite observations provide 

an estimate of regional background conditions. Despite these differences, the MOPITT, MERRA-

2 and ARISense data sets agreed on the long-term seasonal trends present in this region, and even 

corroborated site-to-site differences (e.g., higher mean CO at University compared to Village 

Mean site). These findings suggest the ARISense captured synoptic-scale variation in CO, but 

comparison to remote sensing data does not allow for a quantitative assessment of data collected 

at higher temporal resolutions. 

2.3.6  Comparison to other ambient measurements in SSA 

The annual median (July 2017 to July 2018) ARISense surface concentrations estimated 

by the ARISense sensors were 9 to 11 ppb for NOx, 4 to 15 ppb for O3 and 240 to 330 ppb for CO, 

depending on the site. Surface concentrations and diurnal trends of ARISense CO and PM in 

Malawi were comparable to studies in Kenya, Rwanda, Ethiopia, Uganda, and South Africa 

(Delmas et al., 1999; DeWitt et al., 2019; Laakso et al., 2008; McFarlane et al., 2021; Nthusi, 

2017; Scheel et al., 1998; Subramanian et al., 2020; Toihir et al., 2015). However, comparison of 

O3 concentrations suggested the calibrated ARISense observations underestimated actual 

concentrations. ARISense NOx observations were similar to two other studies (Delmas et al., 1999; 

Laakso et al., 2008), but overall, there is little comparable data available to assess NOx 

concentrations in Africa. 

ARISense CO observations were similar to regional CO concentrations in Central Africa 

(measured by aircraft), found to be in the range of 250-400 ppb (Delmas et al., 1999). A long-term 

ambient study at the Rwanda Climate Observatory found a mean CO concentration of 215 ppb 

from May 2015 to January 2017 (DeWitt et al., 2019), only slightly lower than our findings in 

Malawi. Another LCS study in Kigali, Rwanda observed a range in ambient CO concentrations, 

from 225 to 500 ppb at their rural and urban sites (Subramanian et al., 2020), spanning the 

concentration range we observed at our rural and semi-urban sites in Malawi.  

Both studies of Rwanda found mean ambient O3 concentrations of 30 to 40 ppb (DeWitt et 

al., 2019; Subramanian et al., 2020). For a ñrelatively clean background site located in dry 

savannah in South Africa the annual median (July 2006 to July 2007) trace gas concentrations 

were equal to 1.4 ppb for NOx, 36 ppb for O3 and 105 ppb for COò (Laakso et al., 2008). 

Background levels of NOx and CO at this site were 2 to 5 times lower than the ARISense annual 

means, yet background O3 was in line with the Rwanda studies. This suggests regional ozone 

concentrations in Central and Southern Africa are presently about 30-40 ppb. The annual mean 

ARISense O3 values were up to a factor of ten lower, however, we identified quality assurance 
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issues in the calibrated O3 values, particularly for the second half of the deployment data, therefore 

the ARISense data are likely to be an underestimate of the true ambient values. 

This South African ócleanô background site had NOx concentrations up to a factor of 10 

lower (1.4 ppb) than ARISense measurements in Malawi (Laakso et al., 2008), but aerial 

measurements made during intense savanna fire activity in Central Africa found NOy present in 

the range of 4-10 ppb (Delmas et al., 1999). Together, these studies suggest that the ARISense 

NOx concentrations (9-11 ppb) may be reasonable for our non-background, biomass emission 

influenced sites in Malawi.  

Notably, the corresponding PM1, PM2.5 and PM10 median concentrations at the clean South 

Africa background site: 9.0, 10.5 and 18.8 µg mī3, respectively (Laakso et al., 2008), were 

comparable to ARISense observations. The annual median ARISense RH-corrected PM1, PM2.5 

and PM10 concentrations were 4 to 7, 6 to 10, and 13 to 20 µg mī3, respectively, depending on the 

site. It is possible that actual concentrations of fine PM were higher at the sites in Malawi, given 

that concentrations of gaseous emission tracer species (i.e., CO, NOx) were higher compared to 

regional background levels found by other studies. However, given the high minimum cut-off 

diameter of the OPC-N2, this particle sensor would have been unable to detect ultrafine particles 

emitted from biomass burning. Average ambient PM2.5 concentrations (measured with an 

Alphasense OPC-N2) were found to be 11 to 24 µg mī3 at various sites in Kenya, with higher 

pollution episode concentrations ranging from 35 to 51 µg mī3 (Nthusi, 2017). Median ARISense 

PM2.5 concentrations were also comparable to U.S. embassy measurements in Ethiopia and Uganda 

(DeWitt et al., 2019). Taken together, these comparisons suggest PM levels in rural Malawi are 

comparable to regional measurements made across SSA, but localized impacts from biomass 

cookstoves can result in higher concentrations of fine PM, which are difficult to accurately 

quantify with the OPC-N2. In all, although these comparisons are not a substitute for quantitative 

evaluation of the ARISense in Malawi, they provide a benchmark for comparison and suggest that 

the CO, NOx, and PM ARISense observations are reasonable for this region. At the same time, 

they cement our conclusion that ARISense O3 observations are likely erroneous for this 

environment. 

2.3.7  Performance of ARISense sensor packages over time 

Total data recovery for the 1 year deployment varied by site, season, and sensor, with rates 

ranging from 30% to 80% (Fig. A.22). Average recovery for the 1 year deployment was around 

60%, with highest recovery at the University site (80%) and lowest at Village 1 site (40%). Data 

across all sites had the highest completeness (>70%) in the cool-dry (Jun-July-Aug 2017 and 2018) 

and the cool-wet season (Mar-Apr-May 2018). Data losses were mostly explained by power 

outages, software failures, and sensor equilibration times required after a power outage (Fig. A.23). 

Power outages were common in the warm-wet season (Dec-Jan-Feb) due to insufficient solar 
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intensity resulting from extended periods of heavy cloud cover. At the ARI014 site, insufficient 

power led to an unanticipated diurnal cycle wherein the monitor would shut off in the early 

morning hours and require a few hours of solar power before turning on again. This daily cycle, 

coupled with the 8-hour long NO sensor re-equilibration time, led to almost 0% NO data recovery 

in the second half of the deployment for Village 1. In all, nearly 50% of data losses at the ARI014 

site were due to insufficient power or failure to write data to file. Corrupt USB storage devices, 

which we were slow to replace due to ongoing civil unrest (The Guardian, 2017), resulted in 

significant data losses in the hot, dry season (Sept-Oct-Nov) at the two Village sites. Individual 

sensor failure was rare, but two months of ARI014 Ox data were lost to electrochemical sensor 

drift and one OPC-N2 (ARI013) failed in the last 3 months of deployment due to an insect nest 

clogging the OPC-N2 inlet. In all, we recorded 6992 hours of data at the University site (ARI015), 

5860 hours for Village 2 (ARI013), and 4720 hours for Village 1 (ARI014). Future deployments 

should include insect screens over all sensor inlets and improved battery storage and power 

systems that run at a longer duty cycle in the case of insufficient solar (e.g., power on only once 

battery is fully charged) to minimize the impact of sensor equilibration times on data recovery.  

Since the monitors were deployed to their sites for >1 year, there was observation overlap 

in seasonally similar data collected one year apart. To gain insight into sensor stability, we 

compared the data collected in the first month (July 2017) to the final month (July 2018) of the 

deployment, given that ambient environmental conditions were similar in July of both years 

(additional details in Appendix A.11). It is not possible to know if the range of gas concentrations 

were significantly different between July 2017 and July 2018. We explored this analysis on the 

assumption that inter-annual variability in ambient concentrations was minimal. Bivariate 

distributions of the raw differential voltage readings from July 2017 and July 2018 showed that 

the most frequent observations (i.e., heaviest shaded regions) were approximately the same in both 

years (Fig. A.25). Observable differences in the voltage measurements could be partially explained 

by known environmental differences. For example, the Ox sensor voltages in July 2018 were lower 

on average than in 2017, but this was consistent with lower temperatures and higher RH in 2018 

compared to 2017. However, there was potential evidence of slightly reduced or altered responses 

in individual sensors, particularly the NO sensors in ARI013 and ARI015 and the CO sensors in 

ARI013 and ARI014. For these sensors, the 2018 distributions had less spread than the 2017 

distributions, suggesting either less variation in ambient concentrations in 2018 or decreased 

sensitivity in the sensors. Diurnal plots from both years showed that the raw mean voltages and 

trends were consistent (Fig. A.26). However, again the most noticeable differences were in the 

individual CO and NO sensors identified from the bivariate distributions. For example, the CO 

peaks measured at mealtimes by ARI013 and ARI014 were about 50 mV lower in 2018 than 2017. 

These differences could be explained by lower concentrations in 2018 than 2017, changes in the 

raw sensor response over the one year period, or by both. Without reference equipment, we were 

unable to investigate sensor drift and decay more rigorously. This qualitative analysis suggests 
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individual sensor responses were altered during the one year deployment, but there was no 

unambiguous evidence for systematic deterioration within or across the electrochemical sensor 

groups used in the ARISense.  

In general, the calibrated observations followed the trends identified from the raw sensor 

voltage readings. Calibrated CO data trends were consistent for both years, with the models 

responding as expected to the lower voltage readings in 2018 compared to 2017. For ARI013 and 

ARI014, the calibrated CO peaks at mealtimes were accordingly lower, by about 100 ppb, in 2018 

(Fig. A.27). However, although the raw Ox sensor trends in 2018 and 2017 were consistent for all 

the ARISense (Fig. A.26), the kNN hybrid model calibrated O3 data were highly irregular between 

the two years (Fig. A.27). For example, the calibrated O3 data for July 2017 showed the expected 

diurnal pattern (concentration increasing with solar intensity) with plateaus between 15 and 40 

ppb, depending on the site. Yet in July 2018, although the raw Ox diurnal data looked similar to 

2017, the calibrated data for ARI013 and ARI015 showed noon-time values between 0 and 5 ppb, 

and the diurnal trend for ARI013 showed a flat line (i.e., not correlated with solar activity). This 

finding, that raw Ox sensor voltages were similar year to year while the calibrated O3 values were 

not, provides further evidence that the lack of comparable T/RH/ozone collocation data contributed 

to the non-physical O3 trends observed during the second half of the deployment at the ARI013 

and ARI015 sites. 

Before their return to NC, ARI013 and ARI014 were used for high-concentration emissions 

monitoring experiments after the one year ambient monitoring campaign was completed (Table 

2.2). The reference monitor data from the post-deployment collocation in NC (Aug 2018 to May 

2019) were intended to enable investigation of changes in ARI013 and ARI014 raw sensor 

response and model performance. However, the resulting data instead demonstrated that sensors 

had been severely degraded during the high-concentration exposures. In the post-collocation data, 

the raw differential voltage gas sensor responses in ARI013 and ARI014 were well correlated with 

each other (R2 = 0.7 to 0.9) (excluding the ARI013 Ox sensor which was clearly degraded: Fig. 

S28), but less correlated than during the pre-collocation comparison (R2 = 0.9 to 0.99). To facilitate 

comparison with the pre-collocation performance metrics shown in Fig. 2.2 and Tables A.4-A.6, 

the performance metrics for the post-deployment collocation are given in Table A.11 and A.12. 

Despite showing inter-sensor consistency, the raw differential voltage sensor measurements (other 

than CO) made by ARI013 and ARI014 were poorly correlated with reference measurements (Fig. 

A.29-A.30). Inspection of the time series showed that the ARISense NO sensors tracked some 

spikes in the time-aligned NO reference data, but the NO2 and Ox sensors did not track reference 

data trends (Fig. A.31-A.32). The time series of the differential voltage and temperature data 

suggest the gas sensors in ARI013 and ARI014 were responding similarly to changes in T and RH, 

but they were no longer sensitive to changes in the target gas (Fig. A.31). This may explain why 

the sensors in ARI013 and ARI014 were still well correlated with each other, but why they were 
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not correlated with reference measurements. The calibrated CO data were the only data still 

roughly correlated with CO reference measurements, although the calibrated CO data showed 

aberrant features (Fig. A.33-A.34). These ambient sensors (except for the CO sensor) were likely 

affected by high concentrations of PM and volatile gases (e.g., hydrocarbons, formaldehyde, etc.) 

co-emitted during the biomass burning experiments. Exceedingly high concentrations of emissions 

can chemically degrade or contaminate the sensors, for example, the catalyst or electrolyte can be 

affected or depleted by repeated interactions with high concentrations of non-target species 

emissions. Further, if there were high concentrations of fine volatile PM permeating the inlet and 

flow line, it could condense and block or attenuate the sample flow rate. The Ox, NO, NO2 sensors 

were permanently altered by the biomass burning emission experiments in Malawi, leading to poor 

performance during post-deployment collocations with reference instruments in NC. Given these 

dramatic changes in sensor responses, the models were unable to generate reasonable 

concentration values from sensor signals and consequently, we were unable to use the post-

deployment collocation data set to quantitatively assess long-term model performance. The partial 

exception to this was for the kNN hybrid calibrated CO data, which was correlated with the 

reference data (R2 = 0.5), suggesting that the CO sensors might retain some function after 

additional collocation and recalibration.  

2.4 Conclusions 

Our experience showed that LCS networks are a viable method to collect novel surface AQ 

data in regions without reference equipment, but this approach requires strict data quality 

procedures to ensure the conclusions drawn from the resulting data are valid. Performance 

assessment in NC suggested the calibrated ARISense sensor packages (excluding the NO2 sensor) 

would be suitable for supplemental air monitoring, based on U.S. EPA metrics and target values. 

However, performance during the pre-deployment NC assessment did not reflect performance in 

Malawi. For this deployment site, we found that detailed information about nearby sources and 

their diurnal emission patterns, ambient meteorological data, and a familiarity with air pollutant 

behavior were helpful when qualitatively assessing LCS performance in a region where 

quantitative assessment was not an option. A lack of coherency in diurnal trends between 

calibration model predictions and frequent non-physical concentration values (Fig. 6) showed that 

LCS measurements made in deployment environments different from the collocation environment 

can be unreliable and may lead to biased information about the deployment environment. For 

example, although the Ox sensors showed the highest performance of all sensor types during 

collocation testing, and the measured RH, temperature, and Ox voltage ranges were similar in the 

collocation and deployment environments, the calibrated O3 data in Malawi were unreliable. The 

collocation data were collected in an urban area near a highway and the deployment data were 

collected in a rural area heavily impacted by biomass burning emissions. This difference in ozone 

precursor emissions could have contributed to the deficient performance of the calibration models 

in the deployment environment. We expect our experience in Malawi may generalize to other 
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regions, suggesting that additional research is needed to address the issue of LCS calibration for 

secondary pollutants.  

We found that the kNN hybrid modelling approach performed the best in the NC and when 

applied to data collected in Malawi. However, the general lack of standardization in LCS 

calibration and assessment approaches complicated and extended the calibration process for our 

study. Although there have been advancements in calibration methods, the difficulty of identifying 

and applying a singular best calibration model remains a common issue among LCS users 

(Topaloviĺ et al., 2019; Lewis and Edwards, 2016; Giordano et al., 2021). From an end user 

perspective, the burden of calibration easily becomes overwhelming. There is presently no clear 

guidance on which model would be appropriate for which sensor under which circumstances. This 

limits the potential user base of LCS technologies, complicates our ability to generalize findings 

across different studies, and may even to inferior quality measurements. Given the wide range in 

potential LCS technologies and deployment conditions, it is not possible to fully generalize the 

viability and sensitivity of the ARISense to another LCS package deployed in a different area. 

Nonetheless, we surmise LCS are most useful when they are carefully selected and calibrated for 

a single purpose and location, for which the environmental and pollutant conditions are at least 

partially characterized.  

This pilot deployment also provided lessons regarding the design and deployment of low-

cost AQ monitoring systems for off-grid applications. The ARISense packages survived the 1 year 

deployment to Malawi and enabled collection of a large, novel dataset, however they suffered 

individual sensor failures and frequent power losses. Given that 20 to 50% of the deployment data 

were lost due to insufficient power and corrupt data storage systems, for future solar-powered 

deployment efforts we suggest that the power system be designed to allow for primary and 

secondary data recovery goals (i.e., a back-up plan to prioritize the most desirable data in the event 

of insufficient power). Further, we were frequently restricted in troubleshooting and repair 

operations by spotty cellular connection, limited human resources, and our inability to remotely 

locate and procure appropriate equipment. A repair kit with basic equipment (e.g., pre-

programmed USB devices, alternate SIM cards, hand tools with attachments specific to each LCS) 

stored in a nearby, secure location would have allowed for quicker troubleshooting and repair. We 

suggest that in addition to solar power limitations, other potential confounding factors like extreme 

weather and limited technical capacity and assistance availability be considered before deployment 

to remote locations. We found that the more closely located the monitor was to a trained local 

assistant, the lower the overall data losses were. 

The responses of the LCS were not remarkably different after one year of deployment (Fig. 

A.26-A.27), assuming actual concentrations did not vary significantly from 2017 to 2018. 

However, except for CO, repeated exposure to high-concentration biomass emissions completely 

degraded the sensors. Key manufacturer specifications indicated that the CO sensor was the most 
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robust. The CO sensor exposure limit was forty times higher than that of the Ox, NO, and NO2 

sensors. Further, the maximum temperature and RH range for the CO sensor was 50°C and 90%, 

respectively, and only 40°C and 85% for the Ox, NO, and NO2 sensors. During deployment, the 

maximum ranges were occasionally exceeded for every sensor except CO. Operation beyond 

specified conditions, combined with ~100 hours of exposure to high concentration gases during 

the post-deployment emissions monitoring experiments, damaged the three less robust sensors 

(NO, NO2, Ox) and made them unsuitable for future use. We caution end users to carefully select 

an appropriate sensor package given pilot information about the emission sources in their target 

site.  

A growing body of literature highlights the potential value of LCS technologies for Sub-

Saharan Africa and other low-resource settings (Subramanian and Garland, 2021; Wernecke and 

Wright, 2021; Rahal, 2020; Sewor et al., 2021; Awokola et al., 2020). We found that our LCS 

surface observations were consistent with the only other available data sources in this region 

(remote sensing data and model products) and data from similar studies across SSA. This suggests 

LCS have a key role to play in providing reliable information on general air quality conditions and 

trends in regions without a historical record. Advancements in machine learning techniques show 

how LCS can be used for source identification and attribution in regions where little quantitative 

information currently exists on dominant emission sources (Hagan et al., 2019; Thorson et al., 

2019). While LCS in SSA show promise, many of the issues experienced in this study stemmed 

from a lack of in situ reference monitors. Additional reference grade monitors throughout the 

region may help circumvent issues related to calibration modelling and quality assurance. A 

regional, shared facility would enable periodic, regionally representative collocations without 

requiring every country to establish its own regulatory network. Recent research has improved our 

ability to synthesize data from networks of LCS through computational calibration solutions which 

minimize the need to transport and collocate each individual monitor separately and increase the 

spatiotemporal resolution beyond that of reference networks (Buehler et al., 2021; Malings et al., 

2019a; Kelly et al., 2021; Considine et al., 2021; Sahu et al., 2021). Concurrently, policy-focused 

researchers are helping to bridge the gap between governments and AQ scientists by creating 

comprehensive frameworks which provide systematic procedures to establish regulatory AQ 

monitoring networks in regions without them (Gulia et al., 2020; Pinder et al., 2019). In the 

meantime, we found support from local universities, which helped maintain the pilot deployment 

of this LCS network. We expect that any AQ program in SSA will benefit from building long-

term, local capacity and knowledge transfer systems for training on-site staff and for receiving 

their feedback and guidance. 

2.5 Data & code availability  

The basic random forest hybrid and quadratic regression model codes are available in the 

supplemental information of the original manuscript (doi:10.5281/zenodo.1482011). The k-
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nearest neighbor, high dimensional model representation, and multi-linear regression model codes 

are proprietary products of QuantAQ, Inc., contact David H. Hagan with inquiries.  

The dataset used in this analysis is available as an open-access Dryad depository 

(doi:10.5061/dryad.cz8w9gj4n). The depository hosts pre-processed ARISense and reference 

datasets from the pre-deployment and post-deployment collocations, pre-processed RH-corrected 

OPC-N2 and MicroPEM datasets from the Malawi collocation, and collated ARISense datasets 

from the 1-year deployment at each of the three monitoring sites in Malawi. Please contact the 

corresponding author regarding raw data inquiries. 

2.6 Author contribution  

APG was responsible for conceptualization and funding acquisition. APG, EC, DH, and 

ASB developed the methodology. EL, APG, and ASB executed the deployment experiments. EC, 

DH, and APG provided supervision. DH and CM developed software. ASB, EC, EL, and APG 

performed data analytics and visualization. ASB wrote the original draft. CM, DH, EL, EC, and 

APG participated in review and editing. 

2.7 Competing interests 

Eben Cross and David Hagan are the co-founders of QuantAQ, a for-profit company which 

marketed the ARISense (since discontinued) and is actively developing and marketing sensor-

based instrumentation.  

2.8 Acknowledgments 

We would like to acknowledge funding from the National Science Foundation under 

Coupled-Natural Human Systems Award Number: 1617359.  This work benefitted from Elliott 

Hall, who executed gravimetric filter analysis and contributed to computational analysis of the 

MicroPEM and OPC-N2 collocation data sets, and from Jillian McNaught through her contribution 

to the acquisition of the GIOVANNI data sets. Carl Malings would like to thank Naomi 

Zimmerman and the Carnegie Mellon University RAMPs Team for their assistance in developing 

low-cost sensor calibration approaches and acknowledge the EPA funding source under assistance 

agreement no. 83628601 and EPA Grant Number R836286, as well as the Heinz Endowment Fund 

Grants E2375 and E3145. He would also like to acknowledge his support by an appointment to 

the NASA Postdoctoral Program at the Goddard Space Flight Center, administered by USRA 

through a contract with NASA. This work benefited from State assistance managed by the National 

Research Agency under the ñProgramme dôInvestissements dôAvenirò under the reference ñANR-

18-MPGA-0011ò (ñMake our planet great againò initiative). Ashley Bittner would like to thank 

Ky Tanner for contributing to gravimetric filter analysis, Wyatt M. Champion for his contribution 

to Fig. 1, Nathan Williams (Carnegie Mellon University) for logistical support with ARISense 

repair, and all members of the Grieshop Atmosphere and Environment Lab. For their assistance in 



 

43 

 

coordinating the collocation periods in North Carolina, we would like to thank the North Carolina 

Department of Environmental Quality and the U.S. Environmental Protection Agency and all 

dedicated employees including Sue Kimbrough (U.S. EPA), Richard Snow (U.S. EPA), Kay 

Roberts (NC-DEQ), Timothy Skelding (NC-DEQ), Joette Steger (NC-DEQ), and Vitaly 

Karpusenko (NC-DEQ). Finally, we would like to thank all project principal investigators 

including Dr. Pamela Jagger, Dr. Thabbie Chilongo, Dr. Charles Jumbe, Dr. Rob Bailis, Dr. Jason 

West, and Dr. Adrian Ghilardi, principal interpreter and field work assistant Twapa Ghambi, 

equipment assistants Dominic Raphael and Misheck Mtaya, and all study participants from the 

villages of Mikundi and Makaula in Mulanje, Malawi. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

44 

 

Chapter 3: Long-term air quality trends in central and southern Malawi 

observed from low-cost sensor packages 

3.1 Introduction  

Air pollution in Africa leads to the premature death of about 800,000 people per year with 

mineral desert dust being the main contributor, followed by industrial and domestic emission 

sources and biomass burning (Bauer et al., 2019). Contained biomass burning sources (i.e., 

cookstoves) represent the largest anthropogenic sources of PM2.5, but open burning (i.e., wildfire, 

agricultural field clearing fire, prescribed burning, etc.) is the largest overall contributor to ambient 

PM2.5 in Africa (Chowdhury et al., 2023). Relative to the rest of the world, Sub-Saharan Africa 

(SSA) is disproportionately affected by the impacts of air pollution from biomass combustion due 

to increasing population and urbanization, near universal rates of household biomass fuel use in 

rural areas, and extreme poverty (Shikwambana and Tsoeleng, 2020; Stevens and Madani, 2016; 

Liousse et al., 2014; Amegah and Agyei-Mensah, 2017; Abera et al., 2021). However, indoor and 

ambient air quality monitoring and reporting is uncommon in many African countries, due to 

multiple factors including the high cost of reference grade equipment and the technical and human 

resources required to operate and maintain a network of monitors (Amegah, 2018; Petkova et al., 

2013). However, the absence of reliable data on air pollution levels has been implicated as a reason 

that SSA governments have not formally attempted to address the potentially worsening air quality 

conditions suspected in urban areas (Amegah and Agyei-Mensah, 2017; Awokola et al., 2020). 

Given the lack of surface observations, satellite and model products are often used as an alternative 

to study air pollution in Africa (Bauer et al., 2019), however recent work has shown that satellite 

observations (i.e., aerosol optical depth) and their relationship to actual surface concentrations 

perform poorly throughout SSA (Malings et al., 2020). Therefore, additional surface data is needed 

to ground truth remote sensing and other model data products in this region.  

The augmentation of a formal air quality network throughout SSA would enable health 

impact assessments, the creation of air pollution control and mitigation strategies, and aid in future 

transportation and urban planning (Petkova et al., 2013; Amegah and Agyei-Mensah, 2017). It 

would also provide a baseline of the current air quality conditions to document short and long-

term changes that are expected as population and economic development continue to grow (Katoto 

et al., 2019). A network of ground sensors would also allow for the characterization of unique 

diurnal trends and high-resolution spatial patterns, which cannot be explored with satellite or 

model data alone.  

Recent work has supported the use of low-cost sensor networks as a means to affordably 

collect reliable air quality data in SSA (Awokola et al., 2020; Subramanian and Garland, 2021; 

Amegah, 2018; Hodoli et al., 2023; McFarlane et al., 2021; Singh et al., 2021; Coker et al., 2021). 

However, others have indicated persistent operational and data quality issues that can limit their 
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utility  (Abera et al., 2020; Lewis and Edwards, 2016; Giordano et al., 2021). The advantages of 

low-cost sensors may outweigh their shortcomings, depending on the quantitative and qualitative 

insights they are able to provide. As a case study to explore how portable and low-cost sensor 

networks might be used to address the dearth of ambient measurements in SSA, we deployed a 

temporary network of moderate-cost sensor packages from 2017 to 2022 to four sites in Malawi. 

This chapter is an extension of work introduced in Chapter 2. In this chapter, we introduce a fourth 

monitoring location, present results from the full deployment period and discuss the performance 

of the updated particle sensor (OPC-N3, Alphasense UK, Ltd.) using evaluation data collected in 

North Carolina in 2019.  

We use the multi-year data record obtained during the monitoring period to specifically 

focus on characterizing CO, NOX, O3 and PM2.5 concentration values and trends across our study 

sites. Background and peak concentrations of PM and CO are expected to be the most significant 

in this region compared to the other pollutants. Changes or peaks in the diurnal patterns of PM and 

CO may result due to increased day-time emissions (e.g., cars, stoves, restaurants, etc.) (Awokola 

et al., 2022). Given that CO and fine PM are tracers of biomass burning, their diurnal patterns near 

the rural villages are expected to be strongly dominated by nearby emissions-generating activities 

(e.g., cookstoves), with larger peaks during mealtimes. The particle sizes measured specifically by 

the ARISense monitoring packages we deployed (i.e., some accumulation mode and mostly coarse 

mode particles) are not expected to have a long atmospheric lifetime. Therefore, a decrease in the 

mid-afternoon is expected between the dominant cooking and commuting periods of the morning 

and afternoon due to increased mixing layer height and removal processes. Notably, given the 

influence of RH on the performance of the OPC-N2/N3 (Chapter 2), the observed diurnal PM2.5 

pattern is expected to mimic the diurnal pattern of RH. Hygroscopic particle growth under high 

RH conditions (e.g., the morning when temperatures are coolest) may lead to overestimation in 

mass concentration during these periods. 

Nitrogen oxides, or NOx, represent a family of seven compounds that are regulated by and 

most often represented by only NO2, as it is the most prevalent form in the atmosphere due to 

anthropogenic activities (U.S. EPA, 1999).  In this work, we represent NOx as the sum of NO and 

NO2. In the rural, remote troposphere, such as in Malawi, background concentrations are expected 

to be low (Section 2.3.6). Since NOx is emitted from biomass burning, concentrations may follow 

a diurnal trend that tracks nearby cookstove activity. Although because of the general lack of 

industrial combustion sources (e.g., factories, power plants, cars, generators, etc.) in most of 

Malawi, the diurnal pattern is more likely to reflect diurnal atmospheric removal and production 

processes. NOx is emitted mainly as NO; cycling between NO and NO2 takes place in the 

troposphere on the scale of a minute during the daytime (null cycle). Overnight, NO titrates ozone, 

leading to reduced concentrations of both. At night, NOx is present primarily as NO2 (Jacob, 1999). 

The presence of NOx allows for the regeneration of OH, which is consumed during oxidation of 
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CO and hydrocarbons, and concurrently provides a major source of O3 in the troposphere to 

generate additional OH (Jacob, 1999). Further, local concentrations of NOx could be affected by 

long range transport of its reservoir species PAN, which deposits as HNO3.  

Ozone (O3) is a secondary pollutant that forms in the atmosphere through chemical 

interactions of precursor emissions catalyzed by photochemical activity. For this reason, ozone 

concentrations are expected to be highest during the day when the sun is up, with peak 

concentrations slightly lagging peak solar intensity (high noon). In the nocturnal stable boundary 

layer near the surface (i.e., the location of these ambient monitors), ozone is removed overnight 

through titration by NO and through deposition processes, meaning daily concentrations should be 

their lowest at night.  

Our overarching goal is to examine the quantitative and qualitative insights that can be 

reliably learned from the low-cost sensor package network deployed in Malawi from 2017 to 2022. 

We achieve this through the following objectives: 1) characterize the performance of the particle 

sensor during collocation with reference monitors in North Carolina, 2) assess if pollutant trends 

in Malawi are consistent with our expectation of emission trends and atmospheric chemistry 

processes, 3) identify and characterize seasonal, daily, and annual trends and major sources of 

pollution, 4) compare spatial differences and similarities between urban, background, and rural 

trends and 5) investigate long-term trends over the multi-year monitoring period.  

3.2 Methods 

3.2.1  ARISense sensor packages  

Details of the measurement equipment, calibration, validation, and deployment locations 

are initially covered in Chapter 2 of this dissertation and were published in Cross et al. (2017) and 

Bittner et al. (2022). An overview of the five-year deployment schedule is given in Figure 3.1. The 

first fleet of ARISense packages (ARI013, ARI014, and ARI015) were Version 1.0 (2017), also 

known as the ólegacyô model. The second fleet of ARISense packages (ARI021, ARI023, and 

ARI024) were Version 2.0 (2018). Version 2.0 added a GSM cell module and replaced the Ox-

B421 with the Ox-B431 sensor (Alphasense Ltd., UK). The third fleet of ARISense packages 

(ARI021, ARI031, and ARI033) were comprised of a rebuilt Version 2.0 model and Version 3.0 

(2019), also known as the óv100ô model. Version 3.0 replaced the OPC-N2 with an OPC-N3 

(Alphasense UK, Ltd.) and added a CO2 IRC-A1 sensor.  
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Figure 3.1: Timeline of ARISense deployments from July 2017 to July 2022. The months are 

abbreviated by the first letter where J = July, A = August, S = September, etc. The serial 

numbers of the ARISense units are given at each site. Shaded areas indicate the months for 

which we recovered data. The opacity of the shade is an indicator of data completeness where 

lighter colors mean less data in that month. Gas & Met = gas and meteorological sensor data, 

Particle = OPC-N2/N3 data.  

For the first and second deployment fleets, we used the solar power capture and battery 

storage system provided by the manufacturer (mentioned in Section 2.2.1 and described in detail 

in Appendix A.1). For the third fleet, we developed our own solar power recovery and storage 

system for use at the University sites using a 50W 12V polycrystalline solar panel (HQST Solar 

Power) and pole mount (Renogy Solar), a 12 V deep cell solar battery, and a 100A MPPT solar 

charge controller (EPEVER). We continued to use the manufacturerôs system at the Village 2 site.  

3.2.2  Calibration modelling  

Due to on-going difficulties with the equipment manufacturer (QuantAQ, Inc.), instead of 

using the kNN hybrid modelling approach discussed as the preferred modelling method in Chapter 

2, we opt to use the RF hybrid model (Malings et al., 2019a) to convert the raw electrical signals 

from the gas sensors to concentration units and control for cross-sensitivities (Section 2.2.3). Both 

models obtained similar performance metrics and returned similar results during the field 

evaluation (Section 2.3.1). We did not have a reference NO monitor during the fleet 3 pre-

collocation, therefore we are unable to interpret NO measurements from 2019-2022.  

3.2.3  OPC-N3 collocation in NC 

In August 2019, we collocated three v100 ARISense packages at the United States 

Environmental Protection Agency (U.S. EPA) Air Innovation Research Site (AIRS) in Research 

Triangle Park, NC for six days. The U.S. EPA operates two optical federal equivalent method 

(FEM) monitors (1-min sampling resolution) at this site: a Teledyne API T640 (Teledyne 

Technologies Inc.) and a GRIMM EDM180 (GRIMM Aerosol Technik Ainring GmbH & Co. 

KG). Both FEM instruments are intended to be operated with an in-line dryer to compensate for 

optical effects introduced by changes in relative humidity. We evaluate the performance of the 
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OPC-N3 using these reference instruments. Images and supporting figures are given in Appendix 

B.1.  

3.2.4  Deployment to Malawi 

The four deployment locations, the first three of which were described in 2.2.6, were 

selected to provide regional and spatial variation and to capture a variety of source emissions. The 

Village 1 and Village 2 sites in Mulanje were selected to monitor AQ in rural, residential 

communities where biomass cook stoves are the primary source of household energy. The Village 

1 and Village 2 sites were separated by < 5 km. The semi-urban University 1 site was selected as 

a background site in a semi-rural, non-residential setting. However, some light-duty vehicle traffic 

was present along the adjacent paved road (10 m away). This site was >375 km northwest of the 

Vi llage sites, located on the agricultural campus of the Lilongwe University of Agriculture and 

Natural Resources, roughly 30 km from the sprawling, urban capital city of Lilongwe. The 

University 2 site, added later in the deployment period, was selected to monitor AQ in the urban 

center of the commercial capital of Malawi (Blantyre). This site, atop the roof of the math and 

sciences building at The Polytechnic University, was exposed to emissions from vehicle traffic 

(light and heavy-duty), commercial activity, and industry. The University 2 site was three stories 

above ground level; the other monitoring sites are no more than 3 meters AGL. Satellite imagery 

and images of the ARISense at the University 2 site are given in Appendix B.2. 

Over the course of the study, we deployed three fleets of three sensor packages in 2017, 

2018, and 2019 to replace the sensor packages annually. The 2019 ARISense fleet was scheduled 

for retrieval in summer 2020. Due to the COVID-19 pandemic, we were unable to travel and 

recover the equipment as originally planned. One unit (Village 2) went offline in Oct 2020 and 

was dismounted and placed in storage in June 2021. Another unit (University 2) went offline in 

Feb 2021 and the last (University 1) went offline in Feb 2022. With the help of collaborators, all 

equipment was dismantled and returned to the U.S. in August 2022.  The timeline of deployments 

and data recovery is shown in Figure 3.1.  

3.3 Results 

3.3.1  OPC-N3 performance  

In Section 2.3.2, we evaluated the performance of the older sensor model (OPC-N2) in 

Malawi. The OPC-N3 has more bins at larger particle diameters than the OPC-N2 model, meaning 

it can see larger particles, but is not expected to perform any better than the OPC-N2 for fine and 

ultrafine particles. Given that our deployment location is dominated by fine and ultrafine aerosol 

sources, we do not expect the performance of the two instruments to be significantly different.  

The timeseries of the ambient PM2.5  concentration and the relative humidity measured by each of 

three ARISense and the two FEM instruments during the six-day collocation are given in Appendix 

B. First, we compare the two FEMs and the three OPC-N3 instruments to one another. Figure 3.2 
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shows scatter plots comparing 1-hr mean concentration from each OPC-N3. ARI023 and ARI033 

were most similar to one another, while ARI031 slightly overestimated concentrations compared 

to the other two units. Nonetheless, linearity (R2 = 0.94, 0.98, and 0.93) between the units was 

high, suggesting there were no systematic biases between them. Further, precision across all three 

units was moderately high and close to the U.S. EPA target value of < 30% (assessment metrics 

and target values first described in Section 2.2.5). In all, this suggests we should not expect to see 

large performance differences between the three units during the collocation, and later, when the 

units are deployed to different locations, we can assume that differences in their measurements are 

due to actual site-to-site differences and not differences between the sensors themselves. 

 

Figure 3.2: Scatter plots of the OPC-N3 in ARI023, ARI031, and ARI033 compared to each other during 
the collocation in NC. The data are 1-hr averaged (N=150). The linear regression fit coefficients (y = mx + 
b) where m = slope and b = intercept, and the coefficient of determination (R2) are given. The coefficient 
of variation across all three sensors is given as the CV.  



 

50 

 

Similarly, Figure B.4 shows a scatter plot comparing the 1-hr mean concentration measured 

by each FEM. The GRIMM EDM180 is typically equipped with an in-line dryer to circumvent 

aerosol measurement issues that result from high RH conditions, but the dryer was either not 

installed or not working during the collocation period. There is a clear bifurcation in the FEM 

measurements at RH > 60% with the GRIMM overestimating the Teledyne API T640 (slope = 1.3, 

intercept = 0.67, and R2 = 0.55). Given this, we opted to use the Teledyne T640 to evaluate the 

OPC-N3 sensors. 

 The mean, maximum and minimum concentrations (as measured by the Teledyne) were 

8.2, 14.3, and 3.4 µg m-3, respectively, during the evaluation period. Consistent with typical 

conditions for North Carolina summers, the mean, maximum, and minimum RH were 77, 96, and 

38%, respectively. We found that the OPC-N3 sensors overestimated the FEM concentration 

overnight and underestimated the daytime concentrations (Fig. B.3). The maximum OPC-N3 

concentrations (84.1, 205.5, and 114.4 µg m-3) were clearly driven by the high overnight RH 

conditions. These findings were consistent with the OPC-N2 performance findings in Chapter 2. 

The sensors overestimate significantly, and their performance is more variable, at high (>70%) 

RH conditions. Further, given that high minimum cut-off diameter of the OPC-N3 (0.38 microns), 

these sensors were likely unable to detect particle emissions from the nearby highway traffic, 

leading them to underestimate the daytime concentration. Notably, these effects seemed to balance 

each other out, as the mean PM2.5 concentrations measured by the OPC-N3 sensors (10.4, 10.8, 

and 12.7 µg m-3) for the collocation period were within 20-30% of the reference. 

To attempt to correct the data and improve the performance of the OPC-N3, we applied a 

bin-wise RH correction (Di Antonio et al., 2018). Figure 3.3 shows the 1-hr and 24-hr averaged 

uncorrected and RH corrected data. RH correction did little to improve the performance. Though 

it did bring down some outliers, it also pushed down the óbetterô, low-RH data, leading the OPC-

N3 sensors to underestimate the reference for the collocation period. RH-corrected collocation 

mean concentrations (4.7, 5.0, and 6.5 µg m-3) were 30-75% lower than the reference mean.  
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Similar to findings of the OPC-N2 performance evaluation, we found that increasing the 

averaging interval did the most to improve the OPC-N3 performance. Roughly half of the 24-hr 

averaged corrected data and half of the uncorrected data fell close to the 1:1 line, suggesting that 

the most RH-impacted data was improved by the correction, whereas the data originally collected 

in drier conditions did not benefit from correction. Together, this suggests that only RH-correcting 

the data collected in high RH conditions (and increasing the averaging interval) may result in the 

best data quality from the OPC-N3 sensor. 

For the remaining sections of Chapter 3, we preliminarily show all OPC-N3 data as 

uncorrected, partially because we are unable to evaluate the performance of the uncorrected or 

RH-corrected data in the deployment environments, and partially because we focus the results on 

heavily averaged and aggregated data, rather than the high-time resolution data for which the 

interpretation of the results may be more impacted by temporal changes in  RH conditions. Future 

analysis may implement a partial RH correction method wherein only data collected at RH > 70% 

are corrected. Lastly, as a reminder, ARI031 has a high relative bias compared to the other two 

sensors, so this should be considered when interpreting 2019-2020 findings from the Village 2 site.   

3.3.2  Data recovery in Malawi  

Though the total monitoring period in Malawi spanned July 2017 to March 2022, there 

were significant data gaps due to insufficient power and equipment failure. Further, not all data 

that we collected was usable. Some data was compromised due to other factors, such as poor model 

performance (i.e., low or no confidence in calibrated gas observations) and loss of sensor 

sensitivity resulting from years of continuous use. In Figure 3.4, we show all the data recovered, 

Figure 3.3: PM2.5 concentration measured by the OPC-N3 instruments and the Teledyne T640. Data are a) 
1-hr averaged and b) 24-hr averaged. Grey points are uncorrected data and points colored by relative 
humidity (RH) are RH-corrected. A one-to-one line is shown as a black dotted line. 



 

52 

 

but in all other cases we apply a data completeness requirement of 75% when showing averaged 

and aggregated data. For example, for diurnal trends, we require that at least 45 minutes of each 

hour be present and for annual averages, there must be at least 274 days of data available for the 

year.  

 

Figure 3.4 shows when we have data from the deployments at all four sites using the 

monthly mean temperature. Data recovery across individual units varied, but in the second 

deployment year all three units failed in December 2018. We were unable to collect any data at 

any sites until August 2019 when we returned to the field sites and replaced the units with the third 

fleet of ARISense. In the third year, we used the manufacturerôs solar power and battery storage 

system at the Village 2 site, but at the university sites we deployed our own solar power storage 

system, resulting in higher data recovery and a longer overall lifetime for those units. The longest 

data record we collected was at the University 1 site. Though monitoring in Village 2 spanned the 

same period, data recovery was lower due to frequent power losses and fewer technical resources 

at the site.  

Data recovery also varied for individual sensors. The NO sensor has a long warm-up time 

after a power outage (see Section 2.2.3), so data recovery was lowest for this measurement. 

Further, sensor failures were not uncommon, for example the OPC-N2 at the Village 2 site failed 

Figure 3.4: Monthly mean temperature (°C) at the four monitoring sites in Malawi for the full deployment 
period. The shaded boxes indicate the 95% confidence interval in the mean. No requirement was set for 
data completeness in this figure. 
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in the latter half of the first year. Where relevant, these instances are discussed in detail in later 

sections. 

3.3.3  Meteorological trends 

In this section, we discuss and compare broad trends of temperature, relative humidity, 

wind direction, and wind speed. Note that the ARISense measures temperature and humidity inside 

the sampling case, so in general, the RH is expected to be slightly lower and the temperature 

slightly higher than true ambient conditions. Nonetheless, our measurements and trends were 

largely consistent with widely available climatology data (Figure B.8). Given that we are primarily 

interested in comparing across sites and years and looking for general indicators of air quality 

conditions (rather than ascertaining highly accurate numbers) the ARISense measurements are 

more than sufficient for our purpose.  

Malawi is in the southern hemisphere and experiences austral seasons, meaning that 

December-January-February (DJF) represents the ñsummerò months. Given proximity to the 

equator, Malawi has a subtropical climate which is described more accurately in terms of wet, dry, 

cool and hot seasons. The warm, rainy season is typically December to April, though intermittent 

rains can persist into June, especially in the southern regions. The cool, dry season is typically 

May to August and the hot, dry season is September to November. The hot, dry season is also the 

regional agricultural burning season in this region, during which farmers across southern Africa 

clear their land to prepare for the next planting season, resulting in a seasonal increase in air 

pollutant concentrations.  

 Diurnal and monthly temperature and RH trends are shown in Fig. 3.5. Generally, monthly 

mean conditions across the sites were similar, with the lowest temperatures in July and the highest 

typically in November. Temperature trends across the sites were similar, though the University 2 

site had slightly lower temperatures than the other sites, with the diurnal trend peaking slightly 

later than the trend at the other three sites. The temperature sensor in the ARISense deployed to 

this site was not significantly different from the T sensors in the other two ARISense during the 

pre-collocation in N.C., so these differences are not easily explained by variation in sensor 

performance. The monitor at this site was at a higher altitude (two stories above ground level 

higher than the other sites) which could partially explain the lower temperatures. At all sites, 

temperature and RH had inverse diurnal trends (higher temperatures associated with lower RHs) 

and consistent monthly trends (i.e., lower RH and higher T in hot, dry season). 
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Figure 3.5: Diurnal and monthly trends of relative humidity (%) and temperature (C) at all four monitoring 
sites for the full monitoring period. Data were hourly averaged and required to be at least 75% complete. 
ñHourò represents the hours past midnight. 

Figure 3.6 shows wind conditions varied across the sites, but the mean wind speed for all 

sites for the full monitoring period was between 4.4 and 6.8 mph. The University 1 site near 

Lilongwe experienced mostly southerly winds, while the University 2 site in Blantyre most often 

experienced north easterly winds. The village sites had similar wind profiles (given their 

proximity) and had the strongest and most frequent winds from the northwest. Both sites are in the 

southeastern foothills of Mount Mulanje, a large inselberg (an isolated mountain rising steeply 

from a plain). Winds are likely funneled down and around Mount Mulanje into the villages. The 

village sites also had the highest percentages of ócalmsô (i.e., when the wind speed was zero), 

together suggesting the villages were more likely to experience extreme wind conditions (i.e., no 

wind or fast winds). 
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3.3.4  Pollutant trends 

In this section, we discuss the characteristics and diurnal trends of the measured pollutants 

(CO, NOx, PM2.5) at each site. Figure 3.7 shows mean diurnal trends of the CO and PM2.5 mass 

concentration at all four sites. There are clearly visible peaks around mealtimes due to widespread 

cookstove activity, especially at the Village 1 site (the monitor was sited in a more densely 

populated area than the Village 2 site). Ambient CO concentrations at mealtimes were about 1.1-

1.3 times higher at Village 1 than Village 2. Background CO concentrations during non-mealtimes 

were similar at both Village sites (~275 ppb), and about 50 ppb higher than midday concentrations 

at the university sites. However, overnight background CO concentrations were similar across all 

four sites. PM2.5 concentrations were higher overnight at Village 2 compared to the other sites. 

This could partially be due to sensor differences seen in the OPC-N3 collocation. The Village 2 

site also had two morning peaks, the larger of which occurred earlier than the corresponding CO 

peak and all PM2.5 peaks at the other sites. This could be due to increased RH which tended to 

peak at the same time (Fig. 3.5). It is possible this sensor was more sensitive to RH and/or that the 

seal of the case was compromised, and additional moisture was reaching the inside of the sampling 

box. We did see evidence of poor seal and condensation forming on the solar sensor, located at the 

top of the v3.0 (year 3 fleet) cases, during the pre-collocation in NC. Not accounting for the impact 

of RH, morning peaks of PM2.5 were about 1.5 to 3 times higher at the village sites compared to 

the university sites. These results suggest background concentrations of PM2.5 in rural Malawi are 

low (5-10 µg m-3), but the OPC-N2/N3 cannot reliably quantify peak concentrations that are likely 

Figure 3.6: Frequency of counts by wind direction (%) for the four deployment sites compiled using data 
from all years. The units are in mph. The data were hourly averaged and required to be 75% complete.  
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high and variable, depending on the nearby sources and covariance with ambient meteorology 

(RH). 

 

Figure 3.8 shows the diurnal trends of NO, NO2  and O3 for the sites. Overall, we have 

lower confidence in the O3 and NOx observations compared to the calibrated CO data (as discussed 

in Chapter 2). Though it would not be useful to attempt to draw conclusive inferences from this 

data set, it may still be informative to compare across sites and see if pollutant trends are generally 

consistent with our expecations.   Ultimately, the ARISense observations suggest NOx (10 ï 15 

ppb on average) and O3 concentrations (15 ï 35 ppb) are low to moderate. Based on photochemical 

indicators, the O3 chemistry in rural Malawi near the village sites is likely NOx-limited as NOy is 

less than 20 ppb (Milford et al., 1994; Sillman, 1995). As expected, NO and NO2 generally follow 

opposite diurnal trends, consistent with the expected atmospheric processes. The sites show a peak 

in NO in the morning, consistent with the CO and PM2.5 morning peak.  The sites also mostly show 

the expected diurnal trend for O3, though the University 2 peak lags the other sites by about two 

hours. The concentrations themselves also differ across sites, with the highest concentraions at the 

University 2 site. Though we are missing NO data from the University 2 site, this urban location 

likely has the highest NOx concentrations, which would contribute to higher O3 concentrations. 

Differences in O3 concentrations across the sites, particularly at the University 1 site, were likely 

attributable to model artifacts. Inferences from this sensor and model should be interpreted 

cautiously given the findings of Chapter 2 (see Section 2.3.3.2).  

 

Figure 3.7: Diurnal trend of PM2.5 and CO for all four sites for the full monitoring period. The data were 
hourly averaged and required to be 75% complete. ñHourò represents the hours past midnight. 
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Figure 3.8: Diurnal trend of NO, NO2  and O3 for all four sites for the full monitoring period. NO data were 
only available in 2017 and 2018. The data were hourly averaged and required to be 75% complete. ñHourò 
represents the hours past midnight.  

3.3.5  Long term trends  

There were only two years that were 75% complete or higher: 2018 (at the Village 2 and 

University 1 site) and 2020 (University 1 and 2). Annual temperature trends, summarized in Table 

3-1, were similar year to year. At the University 1 site, the annual mean temperature and relative 

humidity were nearly identical in 2018 and 2020, but the annual mean PM2.5 concentration was 

slightly higher in 2020. Even assuming 20% error in the OPC-N2 measurement, both years were 

technically within Malawiôs air quality standard of 8 µg m-3 (1-yr mean limit).  

Table 3-1: Annual mean PM2.5 concentration, relative humidity, temperature, wind direction, wind speed, 
carbon monoxide, nitric oxide, nitrogen dioxide, and ozone concentration at each site for the years data are 
at least 75% complete or higher. NO data were only available for the years 2017 and 2018. 

Site Year 

PM2.5 

(µg m-3) 

RH 

(%)  

Temp 

(°C) 

WD 

(deg) 

WS 

(mph) 

CO 

(ppb) 

NO 

(ppb) 

NO2 

(ppb) 

O3 

(ppb) 

UNIVERSITY 1 2018 4.9 52.1 25.7 197 9.9        

VILLAGE 2 2018   59.4 26.1 311 9.3 274.1 5.0 6.6 15.1 

UNIVERSITY 1 2020 6.5 54.2 25.0 139 1.2 213.2   9.2 24.0 

UNIVERSITY 2 2020 5.5 58.6 23.6 40 4.4 228.6   6.5 28.7 
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Comparing University 1 to the other sites for the same years, the 2018 annual mean 

temperature at the Village 2 site was also 26 °C, but humidity was higher. The increased humidity 

could be due to the proximity of the Village 2 site to Mount Mulanje and the micro-climate that 

such a large geographical feature can create for areas downslope. In 2020, the University 2 site 

had a slightly lower mean temperature and higher mean humidity. The University 2 and village 

sites are much closer in proximity to each other, compared to the University 1 site, suggesting 

humidity tends to be a bit higher in the southern part of the country. In 2020, both university sites 

also had PM and gas data available. The annual mean PM2.5 concentration was slightly lower at 

the University 2 site (5.5 µg m-3), but the CO and O3 concentrations were slightly higher. The 

annual NO2 concentration at the University 1 site was higher, likely due to being immediately 

adjacent to a roadway and vehicle emissions. Again, compared to Malawiôs ambient annual air 

quality standards of 30 ppb for NO2 and 80 ppb for oxidants (1-year mean limits), the ARISense 

data suggest all sites are within attainment for all pollutants for the years and locations we have 

data available. We also did not record any other instances of the ARISense measurements 

exceeding the higher time resolution air quality limits (1-hr or 8-hr) for NO2, CO, or O3. As an 

important caveat, these are not reference-quality measurements and should be used for 

informational purposes only, not for official regulatory purposes. For example, a 2014 study in 

Blantyre reported a few occurrences of exceedances (Mapoma et al., 2014). They found no 

exceedances of the CO limit but did note that NO2 and SO2 significantly exceeded air quality 

guidelines. 

3.3.6  Temporal trends 

Temporal trends relate to how concentrations change over time (i.e., diurnal patterns, day 

of week, month, or season). The ARISense data indicate differences in temporal trends between 

the agricultural burning and non-burning seasons, the wet and dry seasons, and even weekday and 

weekends.  

3.3.6.1  Burning and non-burning seasons 

Figure 3.9 shows that monthly pollutant trends were consistent across all four sites. The 

hot, dry season burning season had the highest pollutant concentrations of the year, likely due to 

transport of regional emissions from widespread land clearing throughout the region. The burning 

season peaks in September and October, with August and November being the shoulder months 

(Chapter 2). PM2.5 concentrations increased as early as June in the Village sites and peaked in 

September.   
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Non-burning monthly mean concentrations were more similar across the sites, spanning 3 

to 8 µg m-3 from December to May. From August to September, mean concentrations spanned 

Figure 3.9: Monthly trends of PM2.5 and CO concentration at all four monitoring sites for the full 
monitoring period. Data were hourly averaged and required to be at least 75% complete. 
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from around 9 µg m-3 at the university sites up to 20 µg m-3 at Village 2. The mean PM2.5 

concentration in September in Village 2 was twice that of the university sites. In the village sites, 

emissions from increased local activity, super-imposed on top of the regional increase in 

background concentrations, likely explains why the village sites had larger non-burning and 

burning seasonal differences than the university sites. A similar seasonal trend can be seen in the 

carbon monoxide data but the concentrations between the non-burning and burning season and 

between sites are not as large as the PM2.5 data.   

3.3.6.2  Wet and dry seasons 

Variation in precipitation can also impact ambient pollutant concentrations. Figure 3.10 

shows diurnal trends of CO and PM2.5 concentration for each site for all four seasons. The PM2.5 

data show that background and peak concentrations were lower in the rainy seasons (Dec through 

May) compared to the dry seasons at all four sites. Diurnal PM2.5 trends across the sites were most 

similar in DJF, when Malawi receives the highest average rainfall.  The morning cooking peak in 

the mean diurnal trend at Village 1 was reduced by up to 75% in the wet season (DJF) compared 

to the dry seasons (JJA and SON).   

 

 



 

61 

 

Atmospheric removal processes (e.g., particle scavenging by raindrops) and possibly even 

reduced outdoor cooking activity may all contribute to lower mean PM2.5 ambient concentrations 

in the wet seasons compared to the dry. Conversely, the evening CO cooking peak at the village 

sites increased in DJF and MAM compared to the hot season. Residents could shift their cooking 

activity to the evenings rather than the mornings in this season. Nighttime temperatures begin to 

fall in March, reaching a low of around 13 °C in July. It is possible that increased and longer 

evening cookstove use in the cooler months led to larger CO peaks outside the hot, dry season 

(SON). Rain is not an effective removal process for CO, so the precipitation changes alone would 

not be expected to change the concentration, but changes in the frequency, duration and even 

location of cooking due to increased rainfall could impact ARISense CO observations. Similar to 

our findings, measurements from Mapoma et al. (2014) in Blantyre found that CO, NO2, and SO2 

concentrations were highest in the wet season compared to dry season.  

 

Figure 3.10: Diurnal trends of PM2.5 and CO concentration at all four monitoring sites for each of the 
four seasons. Data were hourly averaged and required to be at least 75% complete. ñHourò represents the 
hours past midnight. 
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3.3.6.3  Weekday and weekend  

At the University 1 site, hourly mean CO concentrations from 8 AM to 5 PM local time 

were 50 to 100 ppb higher on weekdays (Mon-Fri) than on weekends (Sat-Sun). This is likely 

explained by increased activity on the nearby road during work and school hours (e.g., cooking 

stalls, vehicle traffic). Village trends had little weekday-weekend differences, however mean daily 

ambient PM2.5 concentrations were slightly higher (< 5 µg m-3) on Saturdays than any other day. 

This suggests some evidence of increased cooking, commericial, travelling, and/or cleaning 

activity. Concentrations across all sites were lowest on Sundays.  

3.3.7  Diel scaling factors for rural cooking emission activity   

The ARISense diurnal trends observed at the Village sites were used to generate an 

emission diel cycle intended to be representative for rural, residential regions in SSA. This diel 

cycle has been used as a model input into a regional air quality model (Glotfelty et al., in prep) and 

to update a GEOS-Chem model (E Marais 2021, personal communication, May 14). The cycle 

was given as the average fraction of the total daily CO emitted in each hour (Table B-1). The 

average of the diel cycles from Village 1 and Village 2 in Year 1 was used to obtain a ósiteô average. 

Both data sets represent an annual average, however there were substantial data gaps in the dry, 

agricultural burning months which may bias the site average diel cycle.  

3.3.8  Source-influenced and background periods  

In this section, we aim to isolate periods of source-influenced emissions from óbackgroundô 

levels. The basis of this analysis relies on using tracers of biomass burning (i.e., CO and fine PM) 

as indicators of periods of ófreshô emissions. The CO concentration was most correlated with data 

from Bin 0 of the 16-bin OPC-N2 (R2 = 0.3 at both Village sites), compared to any other 

measurement of PM (e.g., PM2.5, Bin 1, Bin 2, etc.) given by the OPC-N2. Bin 0 nominally 

measures aerosol diameters from 380-520 nanometers. Aerosol size distributions measured from 

biomass burning emissions indicate that particles with diameters of this size are rare; they are 

usually much smaller (50-80 nm). Figure 3.11 shows peaks in the diurnal trends of CO and Bin 0 

were aligned around mealtimes, whereas peaks in PM2.5 concentration slightly preceded CO peaks. 

The evening PM2.5 peak is likely lower than the morning peak, likely due to lower ambient RH in 

the evening compared to the morning (Figure 3.5). 
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Figure 3.12: (Top) Diurnal patterns of CO concentration (right axis, solid line) and Bin 0 counts (left axis, 
dashed lined) at all sites. The average value of both concentrations is shown as a line. The interquartile 
range is shown as shaded fill (darker fill corresponds to CO; lighter fill corresponds to Bin 0). (Bottom) 
Diurnal patterns of CO (left axis, solid line) and PM2.5 (right axis, dashed lined) concentrations at all 
sites. The average value of both concentrations is shown as a line. This figure uses CO data calibrated by 
the QR model (Section 2.2.3). 

Figure 3.11: Timeseries of PM2.5 mass concentration measured by the OPC-N2 in ARI015 at the University 
site. SI = ósource influencedô and BG = óbackgroundô, as identified using a cut-off value of the 
CO_WE/Bin0 ratio. 
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The ratio of the raw CO sensor data (CO_we) to the Bin 0 count data shows promise as a 

method to separate source-influenced and background data. CO and fine PM are co-emitted from 

biomass combustion. When an emission source is nearby, the size distribution of the ambient 

aerosol will shift toward Bin 0, increasing the number of particle counts recorded in that bin. 

Therefore, when the ratio of CO and Bin 0 decreases, this implies a nearby emission source. 

Conversely, when the OPC-N2 is measuring background aerosol, the number of counts in Bin 0 

will be smaller and static. When the ratio of these two values is large (i.e., few particle counts in 

Bin 0), this implies ambient concentrations near background levels. Therefore, by selecting a 

single ócutoffô value of the CO_WE/Bin0 ratio, periods above the ratio are flagged as óbackgroundô 

(BG) and periods below the ratio value are flagged as ósource-influencedô (SI). An example 

timeseries of this source-separated data is shown in Figure 3.12. The SI periods identified at each 

site occur at similar hours (5 to 8 AM and 6 to 8 PM LT). These times are associated with increased 

emission activity, either from rush hour vehicle traffic or biomass cookstove use at mealtimes. 

Although this approach shows promise, issues remain. The SI/BG separated CO data do 

not show clearly distinguished peaks and valleys like the PM timeseries data do. It is possible that 

the further transformation of the CO data from raw (CO_we) to calibrated concentration units 

introduces complicating factors which make this method less useful for CO trends.  

Further, the SI diurnal trends are highly variable across sites, and some have unusual 

artifacts, which are most likely explained by a systematic bias introduced by this simple cutoff 

method, rather than being reflective of any expected physical, ambient trend. Further, it is likely 

that more than one source will be detected with this approach. This complicates how the SI data 

could be deconvolved, without additional information on the nearby, unique sources at each site. 

However, the BG diurnal trends across sites and pollutants are much more similar. The daily 

diurnal trends, weekday-weekend, and annual background trends follow expected ambient trends: 

lower concentrations on weekends (lowest on Sundays) compared to weekdays and increased 

ambient concentrations from June to Nov, with a peak in Sept-Oct. 

Two other approaches to separating SI periods from BG data have been attempted: 1) CO 

percentile, and 2) temporal trends.  To identify SI data using the CO percentile method, data 

collected above the 90th percentile of the total CO data distribution were flagged as SI. The 

remaining data were flagged as BG. This approach assumes that the highest CO data measured 

during deployment were associated with nearby sources. To identify SI data using temporal trends, 

data collected from 5 to 8 AM and from 6 to 8 PM LT were flagged as SI; the remaining data were 

flagged as background.  This approach uses diel cycle observations from the ARISense and field 

observations of cookstove activity to assume when nearby sources are most likely to be active. 

Both approaches have shortcomings, and neither has shown to be as effective the CO_WE/Bin0 

ratio method, based on visual inspection of the source and background separated PM2.5 time series 

data (Figure 3.12).  
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3.4 Discussion 

Rural and urban/background AQ trends were clearly distinguishable in Malawi. For spatial 

characterization of air quality conditions, pollutants like CO, PM2.5, and NOx can be used to 

identify nearby emission sources, while secondary pollutants (O3) can be interpreted over larger 

spatial scales. We clearly observed that CO and PM2.5 emissions from traditional stoves in 

concentrated living areas had measurable effects on ambient concentrations. Nearby biomass 

cookstove activity at the Village sites impacted local ambient AQ leading to peaks around 

mealtimes (06:00 and 18:00). Other notable temporal trends were observed in the urban and 

background sites. The temporal effect of increased rush hour vehicle traffic at the University 1 site 

on weekdays was small but measurable (50-100 ppb difference from weekend). Contrary to 

expectation, the urban University 2 site was not the most polluted (other than possibly for O3). The 

university sites in general were not clearly distinguishable from one another, despite one being in 

an urban center and the other being more than 30 km from an urban center. It is possible that the 

higher altitude monitoring location at the University 2 led to more atmospheric dispersion and 

lower concentrations, despite being located near more emissions sources than the other three sites.  

We found that seasonal trends affected relative and absolute air pollutant concentrations. 

Ambient pollutant concentrations of CO, NOx, and O3 were highest in SON (the hot, dry peak 

burning season) suggesting seasonal biomass burning in SSA has measurable impacts on regional 

and local ambient AQ. Concentrations were lower in the wet seasons; Atmospheric removal 

processes and/or reduced outdoor activity reduced ambient concentrations by up to 75% during 

mealtimes at the village sites.  The hardest season to differentiate trends and sources between sites 

was the rainy season. This suggests that emission generation activity rates, or at least their impacts 

on AQ, may not be the same throughout the year, in contrast to the findings of (DeWitt et al., 

2019). If the rainy season is selected for an AQ characterization study, this may be best for 

background measurements, but will likely not aid researchers in source identification.  

Measured concentrations never exceeded legislated limitations, but Malawi notably lacks 

high temporal resolution PM2.5 guidelines. Given the high concentrations of PM2.5 we measured 

compared to other pollutants, it is likely that 24-hr concentrations exceeded harmful levels, 

particularly in the village sites. Further, since the OPC-N2/N3 is not a suitable instrument to 

reliably quantify high time resolution concentrations of biomass combustion emissions (due to the 

low-end bin cutoff of 0.38 µm), it is likely that real ambient concentrations were higher than we 

reported in this study. Further, we had low confidence in the NOx and O3 observations. This 

suggests that the quality of measurement achievable with low-cost sensors (calibrated and 

evaluated in locations different from the deployment environment) are only suitable for 

informational and qualitative inferences. The data quality is presently not high enough to support 

regulatory monitoring and enforcement.  
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However, we did find that leveraging multi-pollutant data streams (i.e., CO, Bin 0 data 

from the OPC-N2/N3, etc.) from sensor packages improves their applicability. Preliminary 

analysis on source-influenced and background separation techniques show promise. Thus far, the 

similarity in the CO and Bin 0 diurnal trends, and the higher correlation coefficient observed 

between CO and Bin 0 compared to other OPC-N2 bin sizes, suggest these two data sets will be 

the most useful for developing a quantitative approach to source and background separation. This 

can reveal the likely dominant emission sources in the local deployment environments (ósource-

influencedô) compared to the regional environment (óbackgroundô).  

3.5 Conclusions 

Chapter 3 explores how calibrated ARISense observations in Malawi can be used to 

characterize temporal and spatial trends and identify contributions from emission sources. Chapter 

3 also serves as a reminder that poorly calibrated LCS can bias user inferences about the 

deployment environment. Incomplete or unevenly weighted data can also skew inferred results, 

particularly when averaging emphasizing the importance of data completeness requirements.  

The complete multi-year data set (2017 to 2021) provides a previously unavailable long-

term AQ record for Malawi. Although seasonal and annual trends can be constrained with satellite 

data, the ARISense surface measurements provide key information about site-specific diurnal 

trends and the influences that nearby sources have on ambient AQ at these sites. Source-influenced 

and background separated ARISense data may also allow for new analysis opportunities. 

Background separated data may be more suitable than the uncorrected ARISense data to constrain 

satellite observations and AQ model predictions.  Source-influenced data may help identify 

dominant emissions-generating activities in rural Malawi, which may lead to opportunities for 

emissions control strategies. Empirical data on ambient AQ conditions at these sites in Malawi 

provide a benchmark, allowing future measurement campaigns to assess the effectiveness of 

emissions control strategies. Long-term empirical data can monitor improvement or deterioration 

in local and regional AQ. However, the reporting of this empirical record must be done 

transparently and with clear indications of the data confidence level. 
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Chapter 4: Characterizing emissions from diverse domestic biofuel uses in 

rural Malawi  

 

In final preparation for submission to: Atmospheric Environment as ñBittner, A.S., Lipsky, E., Ghambi, T., 

and Grieshop, A.P.: Characterizing emissions from diverse domestic biofuel uses in rural Malawi.ò 

 

4.1 Introduction  

Air pollution is the second leading risk factor for deaths in Africa (Health Effects Institute, 

2022). It contributed to an estimated 1.1 million deaths in 2019, with 63% linked to exposure to 

household air pollution resulting from traditional biomass cookstove use (Health Effects Institute, 

2022). Other sources of exposure include industry, transportation, waste burning and agriculture 

(Health Effects Institute, 2019). In rural areas, where an estimated 58% of Sub-Saharan Africans 

live (United Nations, 2019), the industrial sector is primarily ósmall-scaleô, implying household or 

family level production, wherein the process takes place in or adjacent to the home.  However, it 

remains difficult to accurately quantify the absolute and relative contribution to total emissions 

from the small-scale industry sector, compared to the residential sector, as there are few emission 

inventories available for the Sub-Saharan Africa (SSA) region. Emission inventories (EIs) are 

databases that provide estimates for the total species emissions that originate from a variety of 

sources common in a specific region over a specific period. Among the few EIs exist for SSA, 

there are considerable differences (Bockarie et al., 2020; Keita et al., 2020; Liousse et al., 2014; 

Marais and Wiedinmyer, 2016), due to a lack of representative emission factors (i.e., a measure of 

the amount of a pollutant emitted per the amount of fuel consumed by a given source), missing or 

incomplete activity data, insufficient characterization of the inherent variability present within 

each source category, and differences in the assumptions (and occasional errors) that occur during 

the quantitative aggregation process.  

The lack of source-specific emission factors means that a single measurement is used to 

represent a given source category. For example, for traditional domestic charcoal production, there 

is only one reference for the range of possible non-methane volatile organic carbons emitted 

(Bockarie et al., 2020). In some cases, source data is non-existent or so sparse that the uncertainty 

in total emissions cannot be usefully quantified (Liousse et al., 2014).  Because of this, EIs for 

Africa rely on emission factors from biomass burning emission data sources that aggregate data 

from global products. Such measurements may not be relevant to the specific fuels and combustion 

processes characteristic of SSA (Keita et al., 2020). Further, no existing inventories fully 

characterize variability within source categories. Uncontrolled combustion characteristic of the 

domestic sector in SSA is an inherently variable process. Studies have shown that biomass stove 

emissions can be impacted by fuel and stove properties, combustion conditions, ignition method, 
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ventilation conditions, and the preferences and refueling practices of the cook (Bhattacharya et al., 

2002; Deng et al., 2023; Islam et al., 2020; Deng et al., 2018; Champion and Grieshop, 2019; 

Parsons et al., 2022). Though it is impossible to fully characterize the impact each of these 

variables on combustion emissions, field emission measurements are often reported with limited 

information about these factors, which would be required to assess their representativeness for use 

in EIs. Typically, SSA-specific EIs must extrapolate information from a few reports or use findings 

from a local case study to represent the whole sub-continent (Bockarie et al., 2020). Consequently, 

there have been multiple calls for in situ measurements of anthropogenic emission factors in Africa 

and comprehensive country and local-level activity data (Keita et al., 2020; Marais and 

Wiedinmyer, 2016; Liousse et al., 2014). 

Malawi, a land-locked country in southern Africa, provides a practical location to 

characterize emissions from biomass-burning sources dominant in the rural African household and 

small-scale industry sectors. The economic, energy access and demographic characteristics of 

Malawi are similar to much of rural Sub-Saharan Africa. Malawi is one of the poorest countries in 

the world, ranked 169 out of 190 countries on the Human Development Index, with one of the top 

20 highest population growth rates in the world (UNDP, 2022; United Nations, 2022). Studies of 

the energy sector in Malawi have shown that biomass combustion meets an estimated 89% of total 

energy demand, ranging from 98% in households to 53% in the industrial sector (Openshaw, 2010; 

Kambewa and Chiwaula, 2010; Ezzati et al., 2004; NSO, 2017), given the extremely low rates of 

electrification (< 12%) outside of urban centers (IEA, 2014). Given that more than 80% of the 

population lives in rural areas (NSO, 2017), small-scale industry is a significant contributor to the 

total national production. For example, the small-scale brick industry (producing between 10,000 

and 50,000 bricks per kiln) may contribute more than 50% of the national total(Swisscontact, 

2017). This industry is estimated to consume around 850,000 tons of fuelwood per year to meet 

housing demand (Huovila et al., 2019). Similarly, the small-scale domestic charcoal industry was 

estimated to produce 35% of the nationôs charcoal in 2007, providing employment for almost 

93,000 people operating some 40,000 kilns each year (Kambewa, 2007). Though more recent 

activity data are sparse, small-scale charcoal production remains an important income source for 

subsistence farmers with few other options in the region, despite its regulation (Smith et al., 2015, 

2017).  

Though the impact of small-scale industry remains largely unquantified, the documented 

negative effects of traditional biomass stove use in the residential sector have spurred initiatives 

across the continent to intervene and replace them with alternative cook stoves. For example, there 

is a widespread initiative in the southern Malawi region to reduce fuel consumption, biofuel 

emissions and exposure related to household cooking by replacing traditional cookstoves with the 

chitetezo mbaula (CM), a locally produced, clay-fired portable natural draft rocket stove. The 

Government of Malawi supported the ó2 million by 2020ô initiative which aimed to replace 2 
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million three stone fires (TSFs) with a CM stove (Embassy of Ireland, 2020).  Multiple carbon-

credit offset projects have been funded in the region supporting the replacement of the TSF with 

the CM stove or a similarly designed improved cookstove (Global Alliance for Clean Cookstoves, 

2015; Gold Standard, 2017). However, studies of the stove have shown mixed results. The CM 

stove has been shown to be 26-60% more fuel efficient than the TSF (Malakini et al., 2014; Jagger 

et al., 2017; Wathore et al., 2017). As for emissions, a field-based Water Boiling Test study in 

Malawi found that the CM stove produced 59% of the CO and 50% of the PM2.5 emitted by the 

TSF (Jagger et al., 2017). However a study of uncontrolled, in-home emissions in rural Malawi 

homes found that the CM stove did not have significantly lower emission factors than the TSF 

(Wathore et al., 2017). Given the mixed results, additional in-home emissions measurements of 

the CM stove are warranted.  

Policies and emissions reductions strategies like carbon credit offset projects depend on 

current assessments of in-country bioenergy technology use in both the residential and industrial 

sectors (Ruiz-García et al., 2021). To address this need, the objectives of this work include: 1) 

characterize emission factors, including quantitative uncertainty and variability, for cooking and 

small-scale industry emission sources in rural residential Malawi, 2) compare field emission 

measurements from local small-scale biomass burning industry sources to emissions 

measurements from biomass cookstoves and to values used in existing global emission inventories, 

and 3) determine if improved biomass cookstoves were associated with lower emissions compared 

to the traditional TSF during uncontrolled, in-home cooking events in rural Malawi households. 

This paper provides in-country estimates of emission factors for five pollutants from a set of 

common bioenergy devices in the Malawian residential and commercial sectors: the traditional 

earthen mound charcoal kiln, two types of fired clay production kilns, and three types of 

cookstoves. 

4.2 Methods 

4.2.1  Study design and sample selection 

Southern Malawi was selected as the study region due to the population density, relatively 

high rates of deforestation and forest degradation (Jagger and Perez-Heydrich, 2016), and high 

rate of solid fuel use for cooking (>99%) (NSO, 2017). This work is part of a larger Dynamics of 

Coupled Natural and Human Systems (CNH) project, designed to investigate linkages between the 

use of biomass energy in Southern Africa and its coupled impacts on human, terrestrial, and 

atmospheric systems (National Science Foundation Award # 1617359). Some of the quantitative 

and qualitative field observations of both human and natural systems have been published (Bittner 

et al., 2022; Aung et al., 2021). Work on scenario development and modeling of both the 

atmospheric and land-use changes to further examine these linkages and quantify the magnitude 

of human influence is in preparation.  
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For five weeks total, in July-August 2017 and 2018, we measured emissions and air 

pollutant concentrations associated with household and small-scale industry biomass burning 

sources in two rural residential villages in southern Mulanje District, Malawi (Figure 4.1). Study 

participants identified themselves as cooks and small-scale producers and self-selected in the study 

sample based on two factors: (1) willingness to participate, (2) ability to arrange in-home visits. 

An extensive community participation consent and introduction process was conducted through 

engaging with the village chief and community members.  Details on study design, alongside maps 

of the study region (Figure C.1) and an approximate location of some sources (Figure C.2), are 

given Appendix C. 

4.2.2  Biomass burning sources 

Figure 4.1 provides an overview of the sources and number of measurements. Traditional 

three stone fire (TSF) stoves, traditional mud (MUD) stoves, and chitetezo mbaula (CM) stoves 

were sampled to represent residential cookstoves typical of the region.  The TSF stove is a small, 

open fire built between three large stones or bricks arranged in a circle approximately the same 

distance apart, tall enough to suspend a cooking pot over the open flame (Figure C.3a). The 

traditional mud stove is a fixed cylindrical or square chamber shaped from clay or mud (Figure 

C.3b). The CM cookstove is a low-cost (~2-4 USD), locally produced, fired-clay natural draft 

cookstove used in several stove intervention and replacement studies in the region (Figure C.3c) 

(The Clean Cooking Catalog, 2022). 

 

We identified three prevalent small-scale industrial activities involving combustion for 

measurement during our emissions measurement campaign in the study region: the production of 

Figure 4.1: Overview of the industrial and residential sectors, energy tasks, and emission sources in 
Malawi. N represents the number of events. TSF = Three Stone Fire, CM = chitetezo mbaula, Mud = mud 

stove. ṓSources where nearby air pollutant concentrations were measured in a ófencelineô configuration in 
addition to primary emissions measurements (see Section 2.5 on sampling methodology). 
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charcoal, fired clay and alcohol. Alcohol production (ALC) took place on commercial sized cook 

stoves. The commercial cook stove (Figure C.5) is built like the TSF but larger to accommodate a 

larger pot (~80 L). Charcoal was produced using a traditional earthen mound (EM) kiln, which is 

comprised of layers of grass, leaves, and a final layer of dirt over a charge of about 200 kg wood 

(Smith et al., 1999). This pyrolysis-based process is only semi-controlled, and each charge took 

about 20 hours. We identified two types of fired clay kilns used to produce bricks and chitetezo 

mbaula cookstoves. Brick firing took place in a traditional brick kiln (BRK), a rectangular, 

partially hollow structure (5 to 13 m3) yielding 1600 to 5000 bricks molded from local clay, 

previously cured in the sun. Depending on the kiln size, two to three lengthwise openings were left 

as combustion chambers. The total process lasted about 48 to 72 hours, though the finished bricks 

may be left undisturbed in the structure for up to a week after firing. Similar to the brick kiln, the 

chitetezo mbaula kiln (CMK) was a circular, hollow structure (9 m3) with three lengthwise 

openings. Roughly 125-150 sun-dried chitetezo stoves were stacked inside, covered with mud to 

form a dome shape, and were fired and extracted in less than 24 hours. Approximately 500-1300 

kgs of fuel wood (wet mass) were used to fire the earth mound and fired clay kilns. Images, 

dimensions, duration, and descriptions for each emission source are given in Appendix C.2.  

4.2.3  Instrumentation 

For primary emissions measurements, we used the Stove Emission Measurement System 

(STEMS), described in detail elsewhere (Wathore et al., 2017; Champion and Grieshop, 2019; 

Islam et al., 2020). The STEMS measured real-time (1 s) carbon monoxide (CO), carbon dioxide 

(CO2), temperature (T), and relative humidity (RH). An integrated laser photometer was used to 

particle light scattering (Bsp) and a portable integrated aethalometer was used to measure particle 

light absorption (Bap) to estimate black carbon (BC). Particulate matter with aerodynamic diameter 

less than 2.5 µm (PM2.5) was sampled via a probe and a cyclone through conductive silicone tubing 

onto Quartz and Teflon filter samples for carbonaceous aerosols. The total integrated PM2.5 mass 

and the contributions from organic carbon (OC) and elemental carbon (EC) were determined 

through gravimetric and thermo-optical analyses, respectively. Additional details on filter analysis, 

quality assurance, and instrument calibrations and corrections are provided in section S1 and S2 

of the supplementary information of (Wathore et al., 2017).  

For ófencelineô sampling, two air monitoring sensor packages (ARISense), each collocated 

with a MicroPEM instrument (Fig. C.12) were placed within 5 m of the industry source. Images 

of the sampling configuration and details of the instrumentation are given in Appendix C.4. We 

used two of three moderate cost ARISense (Aerodyne, Inc., QuantAQ, Inc.) sensor packages to 

measure continuous air pollutant concentrations of CO, CO2, NO, NO2, O3, and particulate matter 

with particle diameters spanning 0.38 to 17.5 µm. The ARISense also recorded meteorological 

data on wind speed, wind direction, T, RH, dew point, noise, and solar intensity. Details of the 

ARISense sensor package design, calibration, and performance are described in Cross et al. (2017) 
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and Chapter 2. Three MicroPEM (RTI International) instruments were used to measure real-time 

and gravimetric particulate matter concentrations using a PM2.5 cut-point cyclone, a nephelometer 

(0.1 Hz sampling rate), and a 25 mm PTFE filter. The MicroPEM sampled at 0.50 L/min at a 100% 

duty cycle and included RH and T sensors. Details for the MicroPEM instrument, filter analysis, 

and quality assurance are described in Appendix A.1.  

4.2.4  Emission and air pollutant concentration measurements  

Emissions measurements of uncontrolled cooking were carried out in the homes of 

participants. Study participants answered questions to assess their preferences and experiences 

relative to their stove but were not identified. The primary cook of each participating household 

used their own cookstove to prepare a meal of their choice. Cook stove emissions were sampled 

continuously from before the time of ignition (to provide background concentrations) to end of 

smoldering to represent the complete combustion event.  Generally, duplicate tests were conducted 

for each stove by sampling two meals at the household in a single day.  

The fire was ignited using a method chosen by the participant, most often matches. During 

testing, observations (e.g., meal preparation steps, fuel addition/reloading, etc.) were recorded by 

the field assistant. For cooking events, the wood weight was measured before and after cooking 

using a hanging scale to determine the wet mass of fuel consumed. For charcoal kilns, where 

possible, we also measured the mass of charcoal and brands (any remaining, partially carbonized 

wood products) produced.  For the small-scale industry processes, the fuel wood input (wet mass) 

was approximated using the wood dimensions. Due to field constraints, it was not feasible to 

transport equipment able to measure massive intact logs, as well as an extensive volume of small 

fuel pieces and grasses. An example calculation for the estimation method used is given in Section 

3 of the Supplementary Information. For all tests, wood moisture content was measured using an 

electronic moisture meter (Lignomat mini-Ligno S/DC). 

Primary emission measurements of industry sources comprised 1-3h ógrabô samples 

collected during the full combustion event. Historically, a ógrabô sample implied the collection of 

a physical sample of gaseous emissions into a Tedlar bag (Pennise et al., 2001; Smith et al., 1999).  

Here, ógrabô sample implies a period of continuous sampling that does not extend for the full 

duration of the combustion event. Two grab samples were collected for each event, usually about 

1h apart. For charcoal kilns, the first grab sample occurred immediately after or during the start-

up phase. The second sample was collected within 6 hrs of ignition, about a quarter of the way into 

the burn process typical for this kiln type. For the brick and CM stove kilns, the first grab sample 

was captured during the sealing phase, about 7 hours after start-up. During the sealing phase, after 

most of the wood has been burned the fuel ports are sequentially covered with wet clay by the 

producer over many hours. The second sample was collected within about 12 hours of ignition, 

after most of the fuel ports were sealed. In addition to primary emissions measurements, we 
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continuously measured upwind and downwind pollutant concentrations in a ófencelineô 

configuration during the complete combustion process of a subset of the kilns (distinguished with 

a ṓ symbol in Figure 4.1). For the brick and charcoal kilns, the fenceline sampling lasted for an 

average of 39 hours (n=3) and 25 hours (n=3), respectively. Summary level and test specific details 

of the experimental methods are given in Appendix C.3. 

4.2.5  Emission factor calculations  

For all emissions tests, except for the charcoal kilns, we used the partial capture carbon 

balance method to calculate fuel-based emission factors, assuming that the dry weight of the fuel 

wood is comprised of 50% carbon and that all gaseous carbon in the wood was emitted as CO and 

CO2. Other carbonaceous species (e.g., gaseous hydrocarbons) contribute a relatively small 

fraction (<5%) of carbon in cookstove emissions (Roden et al., 2006; Shen et al., 2013; Wathore 

et al., 2017) and were neglected in the calculation. Additional details on the EF calculations and 

associated measurement uncertainties (calculated by propagating individual measurement 

uncertainties to EF uncertainty) can be found in section S3 of the Supplementary Information of  

(Wathore et al., 2017).  

The carbon balance for charcoal kilns requires additional assumptions as the 

simplifications typically applied to cookstove emissions do not apply. For example, rather than 

assuming that all gaseous carbon is released to the atmosphere as CO and CO2, the charcoal kiln 

balance also considers the carbon released as CH4, NMVOCs and carbonaceous particles.  Since 

we did not measure CH4 or non-methane organic carbon (NMOC) in our study, we estimated these 

two missing concentrations using their ratios to CO based on data found in the literature from other 

charcoal kiln measurements. Details of this approach and the carbon balance method are given in 

Appendix C.5.  

Further, given that the carbonization process intentionally traps a large portion of the 

original wood carbon into the charcoal product, we need to determine (or assume) the fractions of 

the original wood carbon that are transformed into charcoal, atmospheric products, and by-

products (e.g., brands and liquids). Though at least one study has measured each of these 

parameters (Smith et al., 1999), given the burden, particularly for field studies, a common approach 

has been to measure or assume the carbon fraction partitioned to the charcoal, assume the fraction 

partitioned to the by-products, and then calculate the fraction partitioned to the atmospheric 

products by difference (given that the three fractions must sum to 1 or 100% to account for all the 

wood carbon). It is also possible to start by assuming the fraction partitioned to the atmospheric 

products and assume or calculate by difference the remaining two (Bertschi et al., 2003a). For our 

EF values in Table 4-1 and Table C-7, we use the arithmetic mean from four studies for each of 

these inputs (values given in Table C-5). In addition, we used Monte Carlo analysis (Analytica, v 

6.2) to explore the sensitivity of the charcoal kiln EFs to the carbon balance assumptions, including 
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the carbon content of the fuelwood and the fraction of carbon in the fuelwood partitioned to the 

charcoal, brands and liquids, and atmospheric products. 

We calculated other variables to characterize the combustion processes and fuel 

characteristics including the modified combustion efficiency (MCE = ȹCO2/(ȹCO + ȹCO2), 

where ȹ indicates background corrected mixing ratios in ppm, and the dry mass of the fuel wood 

(FWdry = (1-MC)*FWwet), where MC is moisture content in % and FWwet is the wet mass of the 

fuel wood. The fuel consumption rate (kg/hr) was then calculated by dividing FWdry by the amount 

of time required for the combustion task. Where relevant, we calculated the charcoal yield (%), or 

the carbonization rate for dry fuel mass, as the ratio of the mass of charcoal produced to the dry 

mass of the original fuel wood (FWdry). 

To determine if differences between two non-normally distributed samples were 

statistically significant (p Ò 0.05), we used the non-parametric Wilcoxon rank-sum test.  

4.3 Results and discussion 

Mean emission factors and sample standard deviation for each source category are given 

in Table 4-1. Individual EFs and their absolute measurement uncertainty for each source and 

pollutant are available as a Supplementary Table (.xlsx file) alongside test-specific data on MCE, 

fuelwood consumption rate and moisture content. For our sample, variation among the sources 

within a sample category was greater than the measurement uncertainty. For example, we found 

that the relative measurement uncertainty for this study was less than 15% on average for all 

pollutants. In contrast, the coefficient of variation (COV) for the PM2.5 EFs for each source 

category ranged from 46 to 120%. CO EFs from each category had lower COVs (12 to 46%), 

which was still larger than the mean normalized uncertainty within tests of a given source category.   

In other words, the measurement uncertainty could not by itself explain the differences between 

EFs measured from two different TSFs.  

Fuel wood species and wet wood mass for industry tests are given in Sect. 3 of 

Supplementary Information. For cookstove tests, fuel data and other test-specific details (duration, 

test date, food items prepared, etc.) are given as a Supplementary Table (.xlsx file). In general, 

Eucalyptus spp. (locally known as óbluegumô ï a fast-growing exotic species) was the most popular 

fuel wood species, used in 80% of all cookstove tests. Cooks did not usually use multiple types of 

fuel wood during the testing period. One household used bamboo as a fuel source for the CM 

stove, resulting in two of the highest fuel consumption rates we observed for that stove type. 

Bluegum, in addition to Mangifera indica (mango), was also one of the most used species for the 

alcohol and brick production events sampled in this study, though its use was not as common for 

the charcoal kilns, for which Uapaca kirkiana (sugar plum) was favored. 
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Table 4-1: Emission Factors (EF) in g pollutant per kg fuel wood DM. MCE = modified combustion efficiency, CO2 = carbon dioxide, CO = carbon 
monoxide, PM2.5 = particulate matter with aerodynamic diameter less than 2.5 micrometers, OC = organic carbon, EC = elemental carbon, BC = 
black carbon, n = number of tests in each sample. The mean and standard deviation of the sample are shown in the table as mean ± std dev. 

 
 

Charcoal 

production/EM 

Clay brick 

production/BRK 

Clay stove 

production/CMK 

Alcohol 

production/ALC 
Three-stone 

fire/TSF 

Mud 

stove/MUD 

Chitetezo 

mbaula/CM  
industry industry industry industry cooking cooking cooking 

 
mean, n=10 mean, n=6 mean, n=4 mean, n=5 mean, n=14 mean, n=8 mean, n=10 

MCE 0.796 ± 0.04 0.913 ± 0.03 0.949 ± 0.03 0.89 ± 0.01 0.912 ± 0.03 0.919 ± 0.02 0.93 ± 0.03 

CO2 440 ± 36 1675 ± 47 1740 ± 61 1632 ± 25 1674 ± 50 1685 ± 38 1706 ± 47 

CO 71.3 ± 12 101 ± 30 59 ± 39 128 ± 16 102 ± 32 94 ± 24 81 ± 30 

PM2.5 3.55 ± 2.92 1.13 ± 0.46 4.0 ± 4.2 16.2 ± 10.1 14 ± 9.3 9.0 ± 4.2 7.7 ± 4.8 

OC 1.94 ± 1.64 0.304 ± 0.22 1.03 ± 1.6 7.8 ± 5.1 6.67 ± 4.9 3.8 ± 1.8 3.1 ± 2.6 

EC 0.033 ± 0.03 0.128 ± 0.06 0.801 ± 0.73 0.747 ± 0.47 0.717 ± 0.28 1.24 ± 0.45 1.06 ± 0.41 

BC 0.043 ± 0.03 0.163 ± 0.091 0.684 ± 0.61 0.580 ± 0.36 0.852 ± 0.48 0.923 ± 0.31 1.09 ± 0.53 
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We measured PM gravimetrically using filter measurements and optically through particle 

light scattering. The PM EF values reported in Table 4-1 are derived from the gravimetric 

measurements. As most PM emitted by biomass burning is carbonaceous, we checked for mass 

balance using 1.9*OC+EC where 1.9 is assumed to be the organic matter to organic carbon ratio. 

To investigate mass closure, we compared this OM+EC EF to the PM2.5 EF and found good 

agreement (slope = 1.00 ± 0.02, intercept = -0.48 ± 0.25, R2 = 0.98). As an indicator of optical 

properties, we compared the scattering concentration (Mm-1) to the filter-derived PM2.5 

concentration (µg m-3) to determine the mass scattering cross-section (MSC) for each test (Figure 

Sxx). MSC (m2 kg-1) is a metric to describe the scattering efficiency of a particle per unit mass. 

Broadly, we found that traditional cookstoves (including the cookstove and alcohol production 

TSF and the Mud stove), and especially the EM kilns (mean MSC = 2.34, n =10), produced aerosol 

that was more efficient at scattering than absorbing. This is likely due to the combustion conditions 

for these sources, as highly scattering aerosol is associated primarily with smoldering combustion. 

Conversely, CM stoves and the clay-fired kilns (for brick and CM stove production) produced 

more absorbent aerosol on average. Given that aerosol properties are expected to vary by source 

type, it is necessary to validate scattering-to-mass calibrations for optical sensors and ideally also 

include a gravimetric measurement.  

4.3.1  Household cooking 

For household cooking tests, breakfast and lunch were occasionally combined into a single 

long cooking event (avg 3.0 hr, n = 3) wherein multiple dishes were made. Dinner was the shortest 

meal cooked (avg 0.97 hr, n = 12) and usually only involved making nsima (maize porridge ï a 

regional staple) and reheating side dishes that were made earlier in the day. The four cookstove 

tests with the highest fuel consumption rates were lunches where both relish and nsima were made. 

Notably, three of those four were measured from CM or Mud stoves. Cooking duration was not 

correlated with EFs or fuel consumption rate.  

Emission factor data for each cook stove source are given in Figure 4.2. The TSF (for 

household cooking and alcohol production) had the highest EFs for the products of incomplete 

combustion (CO, PM2.5, OC) on a fuel-basis compared to the other cookstoves and the industry 

processes, except for EC and BC. The mean TSF OC EF was nearly twice that of the Mud and CM 

stoves (p=0.09 and p=0.006, respectively). The average CO and PM2.5 EFs for the CM cookstove 

were ~20% (p=0.04) and ~40% lower (p=0.007), respectively, than the TSF. The CO and PM2.5 

EFs for the TSF and Mud stoves were not found to be significantly different. Similar to other 

studies (Roden et al., 2009; Just et al., 2013; Aung et al., 2016; Preble et al., 2014), we found that 

the Mud and CM stoves emitted more BC than the traditional TSF (p=0.75 and p=0.88, 

respectively). The relative contribution of BC to PM was also higher for the Mud and CM stoves 

(Figure 4.2), meaning their PM emissions, though lower than the TSF on an absolute basis, may 
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contribute more significantly to atmospheric warming due to stronger aerosol absorption properties 

(Aung et al., 2016).  

Our TSF values were mostly within range of global emission factors reported for óopen 

cookingô in Akagi et al. (2011), which are based off 8 studies in Mexico, Ivory Coast, Zambia, 

China, and Honduras, and have been used in multiple studies and emission inventories, including 

a recently developed emission inventory for Africa, DICE-Africa (Marais and Wiedinmyer, 2016). 

Their mean BC EF value was nearly identical to the mean of our sample, however our mean PM2.5 

and OC EFs were ~50% higher. 

For this sample, fuelwood consumed during CM cookstove emissions tests (avg 2.1 kg, 

n=10) was only 12% lower than the mean consumption of the TSF sample (avg 2.4, n=14). 

Notably, the mean fuelwood consumption rate was higher (p=0.72) in the CM sample (1.5 kg hr-1 

vs 1.28 kg hr-1 for the TSF). Our values for the TSF were consistent with both the total mass of 

fuel consumed and fuel consumption rates reported in similar studies (Wathore et al., 2017; 

Champion and Grieshop, 2019), but our median value for the CM stove (1.8 kg hr-1) was higher 

than that reported by Wathore et al. (2017) (1.0 kg hr-1).  

The mean MCE (0.912, n=14) for our TSF sample in Malawi was on the low end of typical 

efficiencies for open cooking (0.91ï 0.97) (Christian et al., 2010; Bertschi et al., 2003a; Smith et 

al., 2000; Brocard et al., 1996). Our study was most consistent with Bertschi et al. (2003a) (avg 

MCE=0.91), but lower than the global average assumed by Christian et al. (2010) (0.93-0.94).  A 

low MCE suggests the TSF EFs measured and reported in this study are most representative of 

cooking with a lower flaming to smoldering ratio (Christian et al., 2007; Bertschi et al., 2003a; 

Ward and Radke, 1993), which may be typical in SSA (Ludwig et al., 2003; Bertschi et al., 2003a; 

Brocard et al., 1996; Kituyi et al., 2001) and could partially explain why our mean TSF EFs were 

higher than those found in Akagi et. al (2011). 
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Comparing to other studies of cooking in Sub-Saharan Africa, we found that the mean CO 

EF for our sample of TSFs was comparable to that measured by Bertschi et al. (2003a) for open 

cooking in nearby Zambia (96 g kg-1) but higher than the mean value (70 g kg-1) measured by 

Brocard et al. (1996) and Coffey et al. (2017) in Western Africa. For Malawi specifically, Wathore 

et al. (2017) measured emissions from traditional cookstoves and the chitetezo mbaula in three 

regions near our study site in the southeast. Our mean TSF CO EF was consistent with Wathore et 

al (2017) findings (Fig. 1b) for traditional stoves, but for the CM stove, their mean CO EF was 

higher than that of our sample, and higher than their own traditional stove sample. However, their 

mean CM PM2.5 EF was slightly lower than the mean value measured in our study, and the mean 

PM2.5 EF for their traditional stove sample was half that of our TSF sample (Fig. 2b). Previous 

studies have shown that high fuel moisture content (>15%) is associated with increased PM2.5 

emission factors (Islam et al., 2020; Grieshop et al., 2017; van Zyl et al., 2019). For our TSF 

sample, tests resulting in high PM2.5 EFs (> 11 g kg-1) had an average fuel moisture of 22% (n=6) 

compared to an average of 14% (n=8) for the other tests with lower EFs. Wetter fuelwood likely 

contributed to our TSF PM2.5 EFs being higher on average compared to the Wathore et al. (2017) 

study which was conducted farther into the dry season. Ultimately, they determined that the CO 

and PM2.5 emission factors for the CM stove were not significantly different from the TSF, in 

contrast to our findings conducted in the same region only two years later. Further, the mean CO 

EF values from our study and two other studies from the same region (Wathore et al. (2017) and 

Bertschi et al. (2003a)) were 30% higher than the Akagi et al. (2011) value, suggesting that CO 

Figure 4.2: Carbon monoxide (CO) and (b) PM2.5 emission factors in units of grams pollutant per kilogram 
of fuel burned for the three-stone fire (TSF), mud stove (MUD), and chitetezo mbaula (CM) cookstove 
groups. (c) Ratio of black carbon (BC) to PM2.5 for each cookstove group. The number in parenthesis 
indicates N tests. The box shows the 25th to 75th percentile, the median is show as the horizontal bar, the 
mean as a diamond, and the whiskers represent the 10th and 90th percentiles. For comparison, literature 
values are shown in each panel as CM1: Wathore et al. (2017), TRD1(traditional cooking): Wathore et al. 
(2017), TRD2: Roden et al. (2009), TSF1: Bertschi et al. (2003a), TSF2: Christian et al. (2010), and TSF3: 
Venkataraman et al. (2005). The literature label shows the mean and the bars indicate the standard deviation 
(where available). TSF3 shows the range observed. 
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emissions from open cooking in this region may not be accurately represented with globally 

averaged values. 

We observed differences in CM stove quality in our sample, though it was not clear if or 

how the stove condition impacted emissions. Two of the six CM stoves (33%) were cracked despite 

being relatively new (average age = 10.5 months). PM2.5 EFs measured from the cracked stoves 

were in the top 50th percentile of measurements but did not explain the two highest EFs measured 

and there was no clear relationship among the CO EF values. Further, below median fuel 

consumption rates (around 1.0 kg hr-1) were observed in two tests where the stove was severely 

cracked. For the CM stove, of the six tests resulting in PM2.5 EF values above 5 g kg-1, four (67%) 

were when cooks improperly refueled the cookstove (i.e., by inserting additional fuel into the pot 

hole, directly underneath the cooking pot, rather than into the designated fuel opening at the base 

of the combustion chamber). Variation in re-fueling practices has been shown to increase 

cookstove emissions (Champion and Grieshop, 2019; Parsons et al., 2022; Wathore et al., 2017) 

and this behavior may partially explain the higher PM2.5 emission factors and higher fuel 

consumption rates in this sample compared to the Wathore et al. (2017) sample. Similar to stove 

condition, it was not clear that this practice impacted the CO EFs. 

4.3.2  Alcohol production 

Given that the TSF and Mud stove EFs were not found to be significantly different, we 

lumped them together as ótraditional cookingô or TRD (n=22) for this section to facilitate 

comparison with the alcohol production. The CO EFs for traditional cooking in this study were 

consistent with the traditional cooking EFs reported in Wathore et al (2017), with a similar mean 

and standard deviation. Our mean CO EF from alcohol production was 30% higher than the 

traditional cooking mean (p = 0.01). PM2.5 and OC EFs were about 15% higher on average than 

traditional cooking, but the differences were not significant (p = 0.96). Further, the EC and BC EF 

values were comparable. In all cases, the standard deviation of the TSF EFs spanned the range of 

the alcohol production EFs (Table 4-1), suggesting the two sources have a similar emission profile. 

Wathore et al. (2017) also measured emissions from institutional cookstoves used for large 

meals at an orphanage, which were roughly similar in size to the TSFs used for alcohol production 

in our study. Similar to our study, they found mean CO and PM2.5 EFs from the institutional 

cookstoves to be similar to the household TSFs in their sample. Though our alcohol production 

mean CO EF was only 18% higher than their institutional cookstove mean, our mean PM2.5 EF 

value was more than twice their mean value (7.1 ± 1.3 g kg-1). Again, wetter fuelwood could 

partially explain this observation, as the fuel moisture content ranged from 16 to 40% for our 

alcohol production tests. In all, our alcohol production EFs and the institutional cooking EFs from 

Wathore et al. (2017) were consistent with emissions expected from a large TSF. Given that the 
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TSF fire has no standard size, it would be reasonable to represent alcohol production and 

institutional cooking with TSF EFs in an emissions inventory. 

4.3.3  Brick and stove making kilns  

Overall, the clay brick kilns were associated with low PM emissions compared to the other 

biomass burning sources sampled. The CM stove kilns had similar mean MCE (p=0.94), CO 

(p=0.08), PM2.5 (p=0.87), OC (p=0.76), EC (p=1) and BC EFs (p=0.94) compared to the clay brick 

kilns. Since there was little evidence that the brick and CM stove kilns had significantly different 

emissions characteristics, we grouped these observations together in Figure 4.3 as BR/CMK. The 

standard deviation values of the CM kiln EFs were often comparable or larger than the mean 

values, implying that the inter-test variability was high for this category, despite it being the only 

category for which all emission tests were measured from the exact same source (kiln). However, 

it was also the source category with the fewest number of replicate tests (n=4). Additional 

emissions characterization would be required to determine if these types of sources should be 

treated differently in emissions inventory.  

 

 

Figure 4.3: (a) Organic carbon (OC) and (b) elemental carbon (EC) emission factors for traditional 
cooking (TSF+MUD), earth mound charcoal kilns (EM), and fired clay kilns (BR/CMK). EFs are 
reported in units of in g pollutant per kg fuel wood DM. The number in parenthesis indicates N tests. 
The box shows the 25th to 75th percentile, the median is show as the bar, the mean as a diamond, and 
the whiskers represent the 10th and 90th percentiles. For comparison, literature values are shown in each 
panel as TRD1: Akagi et al. (2011), EM1: Keita et al. (2018), and BRK1: Weyant et al (2014). The 
literature label shows the mean and the bars indicate the standard deviation (where available). 
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Comparable measurements for clay fired kilns are sparse in the literature. Christian et al. 

(2010) measured emissions from three brick making kilns in Mexico and found a low mean CO 

EF value (37 g kg-1) compared to the mean from our BR/CMK kilns (80 g kg-1). Further, they 

found that their kilns had a higher EC/OC ratio (6.72) than any other biomass burning source they 

measured, while we found that none of our sources had an EC/OC ratio greater than 1. Two of 

their kilns were 10-12,000 bricks in size and the third was about three times larger (Christian et 

al., 2010). Their fuel source was 90% sawdust by volume, with the remainder being wood scraps, 

plywood, and particle board. Our kilns were barely half the size of their smaller kilns, and the fuel 

was 100% untreated wood, potentially explaining the differences between our observations. 

However, similar to our study, they found that their kilns had lower particle EFs compared to 

biomass cookstoves in the region, which they attributed to high MCE and particle scavenging by 

the kiln walls and bricks. 

Weyant et al. (2014) measured emissions from brick kilns in south Asia but only one 

observation (yielding less than 15,000 bricks and using 100% wood as fuel) was similar to our 

clay fired kiln sample. The CO and PM2.5 EFs from that source were nearly identical to the mean 

values from our BR/CMK sample (CO EFs around 80 g kg-1 and PM2.5 EFs around 3.0 g kg-1). 

However, their kiln emissions had an EC/OC ratio of 2.7, more similar to the smoke emitted by 

the Christian et al. (2010) Mexico kilns. The composition of the clay itself is likely to vary by 

region ï for example, the Mexico kilns used soil mixed with water and manure (or other organic 

waste) - as well as kiln operating temperatures, which may explain differences in our observations. 

Lastly, note that we did not (nor did others) account for any carbon in the clay itself that might 

have been released during the curing processs.

 

4.3.4  Charcoal production 

Fuel-based emission factors for the earth mound charcoal kilns were among the lowest 

values we measured in our sample of sources. EC and BC EFs were by far the lowest for the EM 

kilns, 1 to 2 orders of magnitude lower than values measured from the fired clay kiln and cookstove 

sources, respectively. Particulate emissions in general were low for the EM kilns, similar to the 

fired clay kilns, potentially due to particle scavenging inside the mound.  Earth mound charcoal 

kilns, characterized by smoldering combustion, typically have MCE values ranging from 0.77 to 

0.88 (Bertschi et al., 2003a; Christian et al., 2010; Lacaux et al., 1994; Smith et al., 1999; Pennise 

et al., 2001; Keita et al., 2018; Ruiz-García et al., 2021). The mean MCE we measured (0.796, 

n=10) was on the low end of the typical range. Table 4-2 shows the solid product measurements 

from our sample of EM kilns. These kilns were small (wet wood mass input ranging from ~200-

250 kg) and the fuel was wet (mean moisture content of 46%, n=3), possibly contributing to the 

lower MCE values.   
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Table 4-2: Solid product measurements for earthen mound (EM) charcoal kiln experiments. 

 

Source 

Wood in, 

Wet 

Mass, 

kga 

Wood 

moisture 

content 

Wood 

in, Dry 

Mass, kg 

Charcoal 

produced, 

kg 

Brands 

produced, 

kg 

Charcoal 

yield % 

EM1 235 51% 116 ND   

 

EM2 ND 50%  ND   
 

 

EM3 228 39% 107 14.9 32.7 14% 
 

 

EM4b 207 ND  ND   
 

 

EM5 257 45%c 129 17.1 13 13% 
 

 

ND = not determined      
 

aestimated from wood dimensions (num x length x diameter x mean sample weight) 
 

bmajority of fuel wood was not converted     
 

cest. based off moisture content of fresh logs of same species, measured in EM2&EM3 
 

 

Despite low emission factors, the actual concentrations we sampled near the kiln opening 

were much higher than that of a typical cookstove (the source for which our measurement system 

was originally designed). Given the high concentrations, the CO sensor in the STEMS was 

unintentionally saturated for three of the ten EM kiln tests. In one test, the sensor was saturated for 

13% of the sampling duration and for the other two tests, the saturation was brief (< 3% of 

sampling duration). All three tests comprised the top 20th percentile of the CO EFs for the EM 

category. We chose not to exclude data from these tests, however, given that the sample mean EFs 

were comparable to many literature values, suggesting the impact of the sensor saturation on the 

source category mean was not substantial.  

In general, we found good agreement between our measurements and literature 

measurements, particularly for the gaseous EFs (CO, CO2) (Table C-7). Notably, values from this 

study were almost identical to those reported in a global biomass burning emissions inventory for 

charcoal-making, which collated EFs from 24 data sources (Andreae and Merlet, 2001). These 

values were recently updated, and while still comparable, are now about 20-50% higher (Andreae, 

2019). Particle EFs for metrics like TSP, OC and EC were more common than PM2.5 in the 

literature. For PM2.5, Andreae (2019) identified only two studies, resulting in a large range (2.1 to 

38.2 g kg-1). Our values fell within the range of observed values from comparable kilns but were 
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on the low side (Table C-7). In general, particle measurements are less similar across studies. For 

example, Smith et al (1999) reported 0.66 g kg-1 DM for TSP using Tedlar bag sampling in 

Thailand, while Keita et al (2018) reported 40 g kg-1 for TSP used Quartz fiber filters in Ivory 

Coast. The difference in mean EFs for particle pollutants (including values from our study and 

literature) varied by over a factor of 60, but by less than a factor of two for gas pollutants. Together, 

this suggests that particulate emissions are more variable than gaseous emissions across sources, 

and/or particulate emission measurement methods are more variable across studies. Additional 

particulate measurements from earth mound charcoal kilns, and particularly comparisons across 

sampling methods for the same source, would be beneficial. On the other hand, relatively less 

variable EFs for primary gaseous species of interest (CO, CO2, CH4) across different studies, 

regions, and years suggest these values are already well characterized for the purposes of global 

emission inventories and models. 

4.3.4.1  Sensitivity to carbon balance assumptions  

As described in Section 4.2.5 and Appendix C.5, we used a different approach to calculate 

EFs for the charcoal kilns. We determined that the charcoal EFs would have 10-20% error by not 

including CH4, NMOCs, or PM2.5 in the carbon balance.  Further, we used sensitivity analysis to 

quantify the impact that the carbon balance assumptions have on the calculated emission factors.  

We included five variables: the measurement uncertainty in the background-corrected CO and CO2 

concentrations, the fraction of carbon partitioned to brands and liquids, the fraction of carbon 

partitioned to the charcoal, and the wood carbon content of the original fuel. Preliminary analysis 

suggested that the contribution to overall uncertainty due to measurement uncertainties from the 

particle data was insignificant compared to that contributed by measurement uncertainty in the CO 

and CO2 data, therefore they were not included in this analysis. We conducted the analysis for 

three of our EM kiln samples for the CO EF, and then took the average and normalized the values 

such that the results are generalizable across pollutants. Ranges for each input were determined 

from the literature studies, given in Table C-5. The minimum and maximum observed or assumed 

values for each variable were set as the low and high bounds for our sensitivity analysis, 

respectively.  

Broadly, we found that the carbon balance assumptions were the most important, 

particularly the fraction of carbon partitioned to the by-products, which contributed 10% 

uncertainty to the EF value on average. This parameter likely had the largest impact as it has been 

the least constrained, with measurements and assumptions in the literature ranging from 13 to 

20.6%. Measurement uncertainty in CO2 and the fraction of carbon partitioned to the charcoal were 

similar in importance, contributing 7.8% uncertainty on average. The measurement uncertainty in 

CO was slightly less important, contributing 6.7% uncertainty on average and finally, the carbon 

content in the original fuelwood was least important (6.5% average uncertainty). Depending on 

the test, the order of importance for each variable could switch, but the differences were negligible 
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(i.e., less than half a percent difference between the impacts of the variables). In all, the uncertainty 

contributed to the EF value due to uncertainty in the charcoal carbon balance assumptions was on 

the order of the inter-sample variation (i.e., the standard deviation compared to the sample mean). 

This emphasizes the need for future emissions studies of charcoal kilns to consider measuring 

these variables. 

4.3.4.2  Charcoal yield 

Assuming 25% uncertainty in the mass of the wood input (wet mass) because of the mass 

estimation method, we estimated the charcoal yield (Table 4-2) to be 13.5 ± 5% for the two earth 

mound kilns for which yield estimates were possible (EM3 and EM5). In one case (EM4), almost 

no fuel wood was converted to charcoal product. This means our kilns were only half as efficient 

as the ~28% measured (or assumed) in the foundational literature on charcoal kiln emissions 

(Lacaux et al., 1994; Pennise et al., 2001; Smith et al., 1999; Bertschi et al., 2003b). The low yield 

could be partially explained by the high moisture content of the fuel wood. In all five cases the 

producers used fresh logs, though at least two indicated a preference to let the logs dry for a few 

days to increase the charcoal yield. One of the more experienced producers estimated a yield of 

approximately 25%, suggesting he may typically use drier wood. 

Our kilns were also much smaller (< 25 kg charcoal yield) than similar studies of earthen 

mound charcoal kilns which range in capacity from 400 to around 800 kg (and up to 32000 kg), 

yielding 200-250 kg of charcoal (Christian et al., 2007, 2010; Bertschi et al., 2003b; Pennise et al., 

2001). The EM kilns in this study (around 0.75 m3) were also smaller than all 19 kilns observed in 

a 2007 study of charcoal production in Malawi (ranging from 3 m3 to 187 m3). Taken together, the 

kilns in this sample seem to represent the bottommost end of the possible size range for earth 

mound charcoal kilns, potentially explaining their low efficiency.   

Nonetheless, Smith et al (1999) indicates this type of kiln (wet mass input around 200 kg) 

is common throughout the developing world. Further, the low yield we observed is consistent with 

references specific to eastern and southern Africa. Traditional earth mound kilns reportedly 

dominate charcoal production in this region (Chidumayo and Gumbo, 2013; Chiteculo et al., 2018; 

Ekeh et al., 2014; United Nations, 2009) and have a typical conversion efficiency of only 10-15% 

(United Nations, 2009; Mugo and Ong, 2006). Further, older government reports indicate the 

traditional earth kilns used throughout Malawi have an efficiency of little more than 20% 

(Makungwa, 1997; Openshaw, 1997). Ultimately, EFs from our sample are most representative of 

small-scale (< 250 kg fuelwood input) charcoal production. A 2007 study of the charcoal industry 

in Malawi defined ósmall-scale producersô as those operating at the subsistence level and averaging 

less than 1200 kg of charcoal produced per month (Kambewa, 2007). It is expected that occasional 

charcoal producers will achieve lower efficiencies than full-time charcoal producers (Vos and Vis, 

2010). Observationally, it was apparent in this study that there was variation in producer skill. For 
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example, EM4 was managed by two of the youngest, least experienced producers we encountered 

and almost no fuel wood was converted to charcoal product. In the formal commercial and 

industrial sectors, the experience of the producer is less likely to significantly impact kiln 

emissions or efficiency, but variation in skill (and thus kiln efficiency) can be expected for 

producers in the small-scale industrial sector.  

If we assume 28% yield to calculate yield-based EFs (g kg-1 charcoal produced), our values 

are similar to the literature (Table C-8) but if we use 14%, our yield-based EF values 

correspondingly increase by a factor of two. The impact of assuming a single yield value is often 

not considered in most inventories, but we found that this decision had the single largest impact 

on the resulting yield-based EF values (g kg-1 charcoal produced) compared to other sources of 

uncertainty and variability (e.g., measurement uncertainty, inter-source variability, and sensitivity 

to carbon balance assumptions).  

4.3.4.3  Issues with previous inventories  

Variation in the activity unit basis of reported emission factors (e.g., g pollutant per kg of 

fuel, per kg of product produced, or per megajoule of energy consumed, etc.) has contributed to 

significant differences and even errors among Africa-specific EIs. For example, one of the primary 

resources for biomass burning emissions inventories, Akagi et al. (2011), cited over 1800 times as 

of writing, mistakenly reported charcoal production emission factors in the wrong units for black 

carbon and organic carbon. The value they reported was the mean of two particle measurements 

taken from a charcoal kiln in Mexico, reported in units of g pollutant per kg dry fuel consumed 

(Christian et al., 2010). Akagi et al. (2011) reported the same values, but with units of g pollutant 

per kg of charcoal produced. In a similar fashion, the DICE-Africa inventory (Marais and 

Wiedinmyer, 2016) used the Akagi et al. (2011) values and mistakenly applied all their EF values 

as per kg dry fuel consumed, resulting in an five-fold overestimation relative to the originally 

measured values. Using updated activity data, (Bockarie et al., 2020) attempted to correct this error 

and recalculate the inventory. However, because of the original error in Akagi et al (2011), the 

elemental and organic carbon results remain invalid. Ultimately, differences in assumptions and a 

propagation of errors makes it difficult to understand the approximate total emissions from 

charcoal production in Africa, and even when using the same EF values, changes to assumptions 

about the activity data resulted in differences of 30-80% depending on the pollutant (Bockarie et 

al., 2020). One method to reduce confusion could be adopting the standard of reporting charcoal 

kiln EFs in terms of the fuel basis (g kg-1 fuel consumed), rather than the yield basis (g kg-1 charcoal 

produced). This also removes the additional step of needing to assume charcoal yield efficiency. 

For a regional, and especially global, emission inventory, it is likely that yield varies widely with 

region and kiln size. Unless the efficiency is known for certain, or the emission inventory is for a 

small region, it would reduce overall error to use the fuel basis units (g kg-1 fuel consumed), if 
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possible. At a minimum, EF studies measuring yield and reporting EFs in the yield basis should 

consider reporting the values in separate tables, rather than in one table with mixed units.  

4.3.5  Representativeness of grab sampling  

Many previous emissions studies of charcoal and brick kilns have relied on grab or spot 

sampling rather than continuous and complete emissions capture (Pennise et al., 2001; Bertschi et 

al., 2003b; Christian et al., 2007, 2010).  In most cases, the spot sampling spanned a small portion 

of the total combustion event (i.e., minutes or hours of sampling to characterize a multi-day event). 

Our sampling approach captured about 10%, on average, of the combustion process for all the 

kilns sampled. Though we expect this approach may increase EF variation within a source 

category, previous evidence suggests that overall impact may be negligible. Smith et al. (1999) 

measured emissions from 9 charcoal kilns with 20h lifetimes in Thailand and found that the 

difference between EFs determined from grab sampling and EFs determined through complete 

emissions capture via a sampling hood was similar to the inter-kiln run variability.  In other words, 

variability resulting from grab sampling is not expected to significantly impact the measured EFs 

from a group of sources compared to the impact of event-to-event variability.  

Nonetheless, we sought to determine if there was a relationship between the measured EFs 

and the time the data was captured after ignition. We did not find a relationship between the 

gaseous EFs or MCE and the time that the sample was collected, but the particle EFs were loosely 

(R2 < 0.5) observed to decrease with increased time after ignition. This effect was observed in both 

the charcoal and fired clay kiln samples and was most noticeable for the BC and EC EFs. For the 

charcoal kilns, the first grab samples were often collected immediately after the kiln was lit and 

not yet completely covered, during which flaming combustion was still possible. As time went on 

and the mound was smothered with dirt and grasses, only pyrolysis and smouldering combustion, 

which is known to emit minimal EC, was likely occurring. The fired clay kilns may undergo a 

similar process. As time after ignition increases, the fuel ports are covered with additional clay and 

mortar and less and less fuel wood is inserted, conditions under which vigorous flaming 

combustion is less likely. 

4.3.6  Air pollutant concentrations from fenceline sampling 

Initially, we intended to calculate carbon-balance based EFs using the fenceline data sets, 

but due to issues with repeated sensor saturation, we instead opted to look at pollutant ratios as a 

proxy for real-time combustion conditions. To further explore how combustion conditions and 

emissions may have changed during the kiln events, we compared the ratio of the concentrations 

of the pollutants (CO/CO2 and PM2.5/CO2) measured by the ARISense and by the STEMS in Figure 

4.4. For the fired clay kilns, we found that the ARISense and STEMS had similar CO/CO2 ratios 

during sampling (mean of 0.04 and 0.06, respectively) suggesting that the gaseous emissions 

characteristics observed during STEMS sampling were not very different from the emissions 
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characteristics of the full process (as measured by the ARISense). This was not as true for the 

charcoal kilns, for which the mean STEMS ratio was around 0.18 while the ARISense was around 

0.04. Though the ARISense also observed emissions ratios up to 0.2, these were outliers and did 

not necessarily occur at the same period that the STEMS observed these ratios. This is consistent 

with charcoal kiln emissions changing over time (this has also been shown by Christian et al. 2010) 

and that the start-up and early measurements we made might differ somewhat from emissions later 

in the carbonization process. There are many caveats to this analysis though, as the ARISense 

instruments were not designed for source sampling (only for ambient conditions), the sensors had 

already been subject to 1-yr of high-concentration sampling and then additional bouts of emissions 

sampling during which the gaseous sensors were repeatedly saturated. This exposure may have 

severely degraded the ARISense sensors and compromised the integrity of the measurements. 

Further, the calibration methodology used obtain concentration measurements from the 

electrochemical sensors was developed on an ambient data set (Chapter 2), therefore the calibrated 

values might not be accurate at these high concentrations. 
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We observed even worse agreement between PM2.5/CO2 ratios measured by the two 

instruments. Again, the ARISense ratios were much lower (by a magnitude or more) on average 

than the STEMS. The range in ratios was also larger for the PM2.5/CO2 data, again suggesting more 

Figure 4.4: Boxplots of (top) CO/CO2 and (bottom) PM/CO2 ratios as measured by the ARISense 
and STEMS from the fired clay kilns (BR/CMK) and the charcoal kilns (EM). The box indicates 
the 25th and 75th percentiles, the whiskers indicate the 2nd and 98th percentiles, and the mean is 
shown as a black diamond. Data points are shown as open grey circles. 
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variability in particle emissions compared to gaseous, and highlighting the impact that different 

methodologies have on reported particulate matter concentrations. We also compared the 

performance of the ARISense OPC-N2 to the uPEM real-time PM2.5 measurements, which were 

calibrated by the concentration derived from the internal filter, for each fenceline event. Previous 

work showed that the OPC-N2 performance under ambient conditions was highly variable and 

dependent on concentration and relative humidity conditions (Bittner et al., 2022, Chapter 2). We 

observed similar performance during the fenceline sampling. The low-minimum cutoff diameter 

of the OPC-N2 means it is not able to see or quantify most fine and ultrafine particles, which are 

the dominant size regime of particles released during biomass combustion. In both ambient and 

near-source settings, we found that the OPC-N2 underestimated the true mass concentration, by 

up to a factor of 10 for the fired clay kilns. The performance was slightly better for the charcoal 

kilns, for which conditions the OPC-N2 was more likely to overestimate the mass compared to the 

uPEM. This is likely due to the different optical characteristics of the aerosol released by these 

two different processes. In conclusion, we determined that the OPC-N2 is not a reliable instrument 

to quantify ambient or near-source particulate matter concentrations in areas heavily impacted by 

biomass burning emissions.  

4.3.7  Implications for cookstove interventions 

In this section, we use the participant response data collected as part of the household 

emissions testing to put our CM stove user group into larger context of stove intervention findings 

in the region. Consistent with responses from our study participants, a recent study in southern 

Malawi found the main issue CM stove adopters reportedly had with the stove was how easily it 

breaks, though this rarely prevented its use (Saleh et al., 2022). A study in 2008 found that 40% 

of CM stoves observed in Mulanje had noticeable cracks or damages (average age of CM stoves 

used every day was 1.7 years) (Malinski, 2008). Taken together, these reports suggest CM stove 

quality in this region has remained roughly consistent for about a decade. 

Findings from this in-home study of improved biomass cookstoves suggest they can lower 

emissions compared to the TSF but the expected benefits (i.e., reduced fuelwood consumption and 

exposure and improved air quality, climate, and health outcomes) have not been consistently 

shown to follow. Regarding exposure, a study in 2008 found that CM users were more likely to 

cook outdoors compared to TSF users (cooking outside 50% vs 27% of the time, respectively), 

potentially reducing exposure to emissions (Malinski, 2008). However, a recent study in rural 

Malawi showed that the CM stove had no impact on cooking related PM2.5 exposure for adopters, 

despite high uptake and use (Saleh et al., 2022).  Regarding fuel use, adopters from this study 

reported less fuelwood consumption as a benefit of the CM stove, consistent with the majority of 

findings from similar studies of the CM stove in this region (Saleh et al., 2022; Malinski, 2008; 

Timko and Kozak, 2016), which are also self-reported. Yet when measured, fuel consumption was 

not found to be significantly different from the TSF users for our sample. Another study (also self-
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reported) found that adoption of the CM stove in southern Malawi was not associated with reduced 

demand for fuelwood or reduced frequency of collection (Orr et al., 2015). Non-significant 

differences in the total fuel wood consumed and fuel consumption rate in the CM and TSF samples 

implies that the higher thermal efficiency of ~30% for the CM stove, compared to ~15% for the 

TSF (Jagger et al., 2017; The Clean Cooking Catalog, 2022), and the increased fuel efficiency, 

reportedly using 26 to 60% of the fuel required by the TSF (Jagger et al., 2017, p.20; Malakini et 

al., 2014; Wathore et al., 2017), does not guarantee the same percent reduction in firewood 

consumption. Since it is often not known how much fuel was typically used before adoption, it 

may be preferable to focus on the absolute change in fuel consumption for improved cook stove 

adopters. Such data could improve how the expected impacts are calculated for a carbon credit 

finance project. 

Further, even with high rates of CM stove adoption, rates of TSF disadoption remain 

difficult to quantify. In our study, three of six CM cooks (50%) indicated they also owned a TSF 

and during one lunch test, a cook used a TSF simultaneously with the CM stove being sampled. 

Reports of so-called óstove stackingô in this region vary. A 2008 study in Mulanje found that while 

93% of TSF users only used one stove for their daily meals, only 53% of CM solely used the CM 

stove. Roughly a third of CM users (29%) alternated between one or two other stoves. Further, 

27% of CM owners had more than one CM stove (Malinski, 2008). Recent nearby studies both 

found that CM adoption was near universal and persistent (Saleh et al., 2022; Timko and Kozak, 

2016), though noted that some TSF use was still occurring. In all, there is ambiguous evidence of 

fuel reduction, limited evidence of some emissions reduction, and little basis for expecting 

significant exposure reduction from CM cookstove use in southern Malawi. Further, reports and 

observations of cracked stoves, well within their expected lifetime of 1-4 years (Jagger et al., 2017; 

The Clean Cooking Catalog, 2022), suggests there are persistent issues with stove quality in the 

region. Additional details from the qualitative survey and other literature on fuel types, stove 

characteristics and use typical of southern Malawi are discussed in Section 7 of the Supplementary 

Information.  

4.4 Conclusions 

This data set provides a valuable resource for quantifying and comparing emissions from 

household and small-scale industry biomass technology currently in-use in rural Malawi. 

Consideration should be taken when using these measurements (and others) to broadly represent 

and quantify household and industry emission impacts in inventories for Sub-Saharan Africa. 

Despite using similar measurement equipment and methodology to measure the same types of 

cookstoves in the same region in Malawi, this study resulted in EFs that were significantly different 

from previous measurements in southern Malawi (Wathore et al., 2017). This finding emphasizes 

that emission factors measured during uncontrolled, in-home combustion are highly variable. 

Factors like fuel species, fuel moisture, variation in the skill and preferences of cook or producer, 
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and the quality or condition of the stove/kiln may all contribute to inter-sample and intra-sample 

(i.e., literature) variation in measured EFs for a single source category. The characterization and 

discussion of these sources of variability is useful to emission inventory developers trying to assess 

the representativeness of the EF value for their purpose. To improve transparency, emissions 

studies should strive to include as much detail as possible on the measurement methodology, fuel 

and source, and key assumptions made in their calculations alongside their EF measurements.  

For all tests, it is possible that participants modified their behavior in response to being 

observed, a phenomenon observed in previous stove adoption studies (Saleh et al., 2022). For 

example, chitetezo mbaula stove adopters who volunteered responses to the qualitative survey said 

they used the stove 7 days a week and indicated the stove requires less fuelwood. Yet when 

measured, this group used more fuelwood on average than the TSF users. The only negative 

feedback they provided related to the propensity of the clay stove to crack over its lifetime. 

Qualitative metrics such as these questions are useful to understand perceptions, but the responses 

may be skewed by a respondentôs preference to deliver positive feedback. As another example, the 

decision to use fresh logs by all charcoal producers may be the result of their perception of our 

constrained project timeline. Future field emissions campaigns may benefit from focusing on how 

to best replicate a typical activity, rather than aspire to capture truly unaltered behavior/emissions.  

In general, there is evidence that breaking broad source categories into narrower categories 

would improve global estimates. For example, óhousehold fuel useô is too broad a category to 

accurately assign one set of EF values. It fails to differentiate between different household cooking 

and household industry emissions (i.e., small-scale producers of bricks, charcoal, food and alcohol) 

which can be significantly different. We found that fired clay kilns, which are often not treated 

separately from household cooking domestic sector in regional and global EIs, have significantly 

different emissions than the TSF, suggesting this activity cannot be accurately represented by EF 

values for óopen cookingô. Though ófuelwood for charcoal productionô is typically treated 

separately, Smith et al. (1999) noted that to accurately quantify emissions from charcoal kiln 

activity, the fraction of charcoal produced in major kiln types needs to be measured and specified. 

Evidence from this study suggests that charcoal yield varies even within a kiln type. We found that 

small earth mound charcoal kilns in this region may be half as efficient at converting wood to 

charcoal than historically assumed in key earth mound charcoal kiln literature (Pennise et al., 2001; 

Smith et al., 1999; Bertschi et al., 2003b; Christian et al., 2010), implying that yield-based EFs (g 

kg charcoal produced-1) calculated assuming 28% yield will lead to an underestimation of the 

impact of the charcoal kiln emissions in rural SSA. Therefore, in addition to major kiln types, 

future studies may consider the range in kiln sizes and the impact on resulting emissions.  

We acknowledge that this level of detail is likely impractical for global scale modelling 

exercises. For a global EI, emissions products that aggregate data from many studies, such as Akagi 

et al (2011) or Andreae (2019) are preferable to a measurement from a single study (where 
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available). Conversely, for a regional or local EI, using EF values derived from a study near the 

region of interest may be more representative than a global average. For example, African emission 

inventories have used global óopen cookingô or ófuelwoodô emission factor values to represent 

household and domestic industry sector emissions (Liousse et al., 2014; Keita et al., 2020; Marais 

and Wiedinmyer, 2016). However, measurements of the in-home cookstoves in SSA, from this 

study and others (Wathore et al., 2017; Bertschi et al., 2003b) suggest that TSF EFs are ~30% 

higher than the óopen cookingô and ófuelwoodô values found in aggregations of multiple 

measurements as in Akagi et. al (2011). There are also other small changes that could improve 

total emission estimates. For example, charcoal kiln EFs presented in g kg-1 charcoal produced 

require an assumption about the efficiency of the charcoal kilns being represented. Unless this 

information is available for the sample, it would be preferable to use fuel-based EF values (g kg 

fuel wood-1) if activity data is available in both units (kg fuel consumed yr-1 and kg charcoal 

produced yr-1). Further, studies reporting mixed yield and fuel-based units in the same table have 

contributed to multiple errors in major emissions products and EIs (Akagi et al., 2011; Marais and 

Wiedinmyer, 2016). We also found that assumptions required in the charcoal kiln carbon balance 

may contribute up to 24% uncertainty to the overall EF value. As we did not collect all of the 

necessary data (% moisture of charcoal, % carbon in fuelwood, % carbon in charcoal) to inform 

the carbon balance assumptions, we opted to use the mean values from many studies, which 

resulted in sample mean EFs comparable to EFs values from aggregations of multiple 

measurements (Andrae and Merlet, 2001). While these values and assumptions are sufficient for a 

global EI, at least one future regional study in SSA should aim to measure these variables to better 

parameterize the ranges that could better represent earth mound charcoal kiln EFs specific to the 

region.    

Lastly, we note that studies focused on rural and low-income areas are already limited by 

sparse activity data. Presently, it would not even be possible to accurately determine the number 

of small, medium, and large charcoal kilns, their average yield and emissions, and their frequency 

in SSA. If we are to improve regional models in this area, the focus should turn to characterizing 

activity rates for each of the source categories. Though emissions measurements are still limited 

in this region, the results of this study and comparisons to literature suggest that emission factor 

values for most major sources (e.g., TSFs/open cooking and charcoal kilns) are well-documented 

and generally in agreement. Less studied sources (e.g., certain improved cookstoves, fired clay 

kilns) would benefit from additional sampling, but our study provides a small, but presumably 

representative set of measurements to inform a regional EI. Accurate and up-to-date activity data 

still represents a major barrier to accurate emissions quantification in this region. 
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Chapter 5: Expanding mobile and stationary PM2.5 measurement capabilities 

near wildland fire 

 

In final preparation for submission to: Environmental Science: Atmospheres as ñBittner, A.S., 

Mitchell, W., Hagler, G.S., Grieshop, A.P., and Holder, A.: Expanding mobile PM2.5 

measurement capabilities near wildland fire.ò 

 

5.1 Introduction  

Smoke from wildland fire, including both unintentional wildfires and intentional 

prescribed fires used in land management, can expose nearby communities to harmful air 

pollutants, including fine particulate matter or PM2.5 (Jaffe et al., 2020). Many studies have shown 

that exposure to PM2.5 from wildland fires is linked to acute and chronic health effects (Cascio, 

2018; Youssouf et al., 2014; Liu et al., 2015; Reid et al., 2016). In the United States, wildfires are 

the major contributor to ambient PM2.5 concentrations in recent years, accounting for an estimated 

25-50% of ambient PM2.5 depending on the region (Burke et al., 2021).  Given that large wildfires 

(>400 ha) have increased in frequency over the past two decades (Westerling, 2016), the number 

of people at risk for smoke related health impacts is expected to grow.  

The Air Quality Index (AQI) is used in the United States to indicate how clean or polluted 

the air is, if associated health effects might be a concern (particularly for sensitive populations), 

and recommends health protective actions (Air Data Basic Information, 2023). The U.S. EPA 

establishes an AQI for five major pollutants (of either PM2.5, ozone, carbon monoxide, sulfur 

dioxide, and nitrogen dioxide), based off the 24-hour mean concentration. During wildland fire 

events, PM2.5 typically drives the AQI in areas impacted by smoke. Near wildfires, where 

conditions can change rapidly, the U.S. EPA relies on the NowCast AQI to communicate risk at a 

higher time resolution. The NowCast algorithm calculates a weighted average from the most recent 

3 to 12 hours of ambient PM2.5 concentration data to better approximate current air quality 

conditions. The NowCast uses longer averages during periods of stable air quality, and shorter 

averages when conditions are changing rapidly (Using Air Quality Index | AirNow.gov, 2023). 

Higher time resolution information helps the public to take action to reduce or mitigate their 

exposure while it is occurring. Further, recent reports have found causal or likely to be causal 

associations between short-term PM2.5 exposure and respiratory and cardiovascular effects (U.S. 

EPA, 2009, 2019). Associations between short-term exposures and non-accidental mortality were 

strongest at lags from 0 to 1 days (U.S. EPA, 2019), suggesting sub-daily exposure periods can 

result in health impacts. Given the evidence, there is a clear need for localized high temporal 

resolution PM2.5 concentration data to support public decision making in smoke impacted areas.  

Characterizing the spatial extent of smoke plumes remains a challenge, complicating air 

quality and public health assessments. It remains difficult to quantify the impact of wildland fire 
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smoke exposures on public health, partially due to uncertainty in spatial quantification of the 

smoke pollutant concentrations (Johnson and Garcia-Menendez, 2022; Cascio, 2018).  Wildland 

fire plumes are spatially heterogeneous with characteristically steep exposure concentration 

gradients, influenced by factors like topography, weather, and fire conditions (Jaffe et al., 2020). 

Interpolated PM2.5 concentrations from the existing regulatory monitoring network may not be 

representative of actual exposures in impacted communities. For example, using a network of low-

cost sensors (mean density: 6.8 per km2) and a gaussian process model, Kelly et al. (2021) found 

spatial differences in PM2.5 concentration within a small region (< 500 km2) during a wildfire event 

in Salt Lake City that were not apparent on U.S. EPA AirNow visualizations (heatmaps based on 

the interpolation of data from only government monitoring stations). Their model predicted near-

background concentrations (7-8 µg m-3) in the Wasatch Mountains and high levels in the valley 

(up to 200 µg m-3) for the same 1-hr period. These results contrasted with AirNow, which reported 

the maximum concentration (200 µg m-3) throughout the region, regardless of terrain. Notably, the 

newer U.S. EPA system designed for smoke events (fire.airnow.gov) includes point data from the 

low-cost sensor network to add granular information but does not include spatial interpolation. 

Interpolating and modelling predicted concentrations over complex terrain remains a challenge, 

even with the increased information offered by the stationary low-cost sensor network. Kelly et al. 

(2021) remarked that it was difficult to determine if the smoke plume was flowing down the canyon 

or over the mountain into the valley, given uncertainty in their model. Other recent work 

combining modelling and the low-cost sensor network in the Salt Lake Valley also pointed to a 

need for more information on local smoke drainage behavior, given the topographic relief in the 

region (Mallia et al., 2020).  

Ground-based measurements around fires have also shown large spatial variations. 

Kelleher et al. (2018) used thirteen samplers downwind of a large, prescribed fire, and observed 

mean 24-hr PM2.5 concentration varying from 30 to over 900 µg m-3 in two locations just 10 km 

apart. The authors reported that the spatial and temporal variability they observed during the 8-day 

monitoring was likely due to changing fire location and intensity, topographical features (e.g., 

mountain ridges), and diurnal weather patterns. Similar to predictions from the Kelly et al. (2021) 

model, images of visible smoke throughout the burn showed it collecting on the floor of the valleys, 

most notably after an overnight atmospheric inversion (Kelleher et al., 2018).   

Mobile and temporary stationary monitoring can supplement wildfire smoke impacted 

areas with limited access to air quality data from permanent stationary monitors. Distributed sensor 

networks and mobile monitoring can be used to increase the temporal and spatial resolution of 

ambient concentration data in areas where smoke impacts are the greatest. For example, by 

deploying stationary monitors in residential areas and using mobile monitoring to characterize 

smoke transport behavior along roadways, it may be possible to identify impacted areas and issue 

smoke danger alerts more easily. Further, mobile monitoring could be used to refine smoke plume 
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model predictions, particularly in mountainous areas, given the ability to simultaneously collect 

concentration and elevation data along canyon passages and in valley floors.  

While mobile monitoring has been used extensively to examine urban and industrial air 

pollution, its use for wildland fire emissions characterization (Majluf et al., 2022; Pirjola et al., 

2015) and air quality assessment (Tam and Adams, 2019) is nascent. The Alberta Ministry of 

Environment and Parks used portable Environmental Beta-Attenuation Mass Monitors (E-BAMs) 

and a mobile laboratory equipped with carbon monoxide (CO) and ammonia (NH3) samplers to 

characterize air quality impacts during the 2016 Horse River Wildfire (Tam and Adams, 2019). 

Notably, the mobile lab was only used in a stationary configuration, meaning it was moved from 

location to location but did not collect data while mobile. In another study, a mobile research 

laboratory van was driven along a 5.8 km route to characterize emission factors from a prescribed 

fire experiment in Finland in 2009 (Pirjola et al., 2015). This study reported that the most intensive 

smoke plumes from the fire did not reach their stationary monitor and would otherwise have not 

been detected.  Most recently, the FIREX-AQ campaign used a mobile lab to characterize fresh 

and aged emissions and the chemical composition of smoke from seven wildfires in the western 

U.S. (Majluf et al., 2022). In each case, the mobile measurements were conducted with a single 

designated vehicle carrying multiple research grade instruments. Mobile labs such as these are 

expensive and require knowledgeable staff to operate. They may also be limited in speed, route, 

and reach (i.e., how quickly they can move between fire events).   

Given the known value of supplemental monitoring, the United States Environmental 

Protection Agency (U.S. EPA) launched the Wildfire Smoke Air Monitoring Response 

Technology (WSMART) Pilot in 2021 as part of a federal government response to address wildfire 

smoke impacts that are of public health concern in the United States (U.S. EPA, 2022). Distinct 

from previous research studies, WSMART expands the reach of supplemental wildfire smoke 

monitoring by supporting data sparse areas through its equipment loan program. The loan program 

relies on an inventory of lower-cost instruments designed for use by onsite emergency response 

personnel who are often non-experts. WSMART can thus simultaneously support supplemental 

monitoring for multiple fire events without requiring highly trained specialists to operate the 

equipment. Loans are available to state, local, and tribal air quality or public health organizations 

and to the Interagency Wildland Fire Air Quality Response Program (IWFAQRP) for use by Air 

Resource Advisors (ARAs). Under the IWFAQRP, ARAs are dispatched to major wildfire 

incidents in the U.S. to assist with air quality and smoke assessment for the public and fire 

personnel (Peterson et al., 2022; U.S. EPA, 2021). The ARA is tasked with preparing a daily 

Smoke Outlook for the surrounding communities, which provides air quality (AQ) information 

from the prior day as well as a detailed smoke forecast. The forecast requires the use of monitoring 

data, meteorological information, fire data, smoke forecasting tools, and the ARAôs situational 

awareness and experience. Presently, ARAs typically have access to a national cache of stationary 
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PM2.5 monitoring kits including E-Samplers and E-BAMs (Met One Instruments, Inc.) that can be 

deployed in locations impacted by smoke (IWFAQRP, 2023).  The WSMART program supported 

the smoke monitoring cache to expand their availability of compact stationary PM2.5 sensors 

(PurpleAir) and directly loaned two types of supplemental air monitors (mobile monitoring 

systems and multipollutant sensor systems) to ARAs on request.  

Mobile monitoring data collected by ARAs at two major fires, and data we collected during 

small, prescribed fires, is included in this analysis. The primary objective of this work is to evaluate 

and compare supplemental mobile monitoring and stationary sensors data for use in characterizing 

regional air quality impacts from large wildland fires and from localized impacts from small, 

prescribed fires. Additionally, we aim to improve interpretation of high time resolution data in 

comparison to measurements from other data sources. 

5.2 Methods 

5.2.1  Vehicle Add-on Mobile Monitoring System 

The Vehicle Add-on Mobile Monitoring System (VAMMS) was designed to measure 

wildfire smoke in any vehicle, facilitating rapid and flexible deployment by first responders at 

wildfire smoke events. The compact monitoring system, weighing 15 lbs and measuring 17ò by 

14ò by 8ò, is entirely contained in a crush resistant case (Pelican, 1450) to enable overnight 

shipping to the incident while protecting the system components. The system is equipped with a 

research grade PM monitor (pDR-1500, Thermo Scientific) that uses a nephelometer to measure 

mass concentrations at a 1 second resolution. The instrument has a cyclone on the inlet with a size 

cut of 2.5 µm to measure PM2.5 concentration and an internal 37-mm filter for gravimetric analysis.   

Additionally, the VAMMS includes a global positioning system (GPS, Ultimate GPS, 

Adafruit) to log location and a microprocessor (RT1062 Teensy 4.0, Adafruit) to integrate data 

into a single data file per day saved on a local microSD card. The GPS time is used to adjust the 

microprocessor time to account for drift in the real-time clock. The data is automatically formatted 

for upload to EPAôs Real-time Geospatial Data Viewer (RETIGO, https://www.epa.gov/hesc/real-

time-geospatial-data-viewer-retigo) where the data can be visualized on a map or as a time series.  

The VAMMS samples through ıò conductive tubing attached to a ıò stainless steel probe 

with a 10̄  cone and 1/16ò inlet that provides isokinetic sampling at 35 mph at the 3.5 lpm sample 

flow for the PM2.5 cyclone. The probe is housed in a mounting block that can be mounted to the 

passenger window of any vehicle and secured to the window with an adjustable thumbscrew. The 

VAMMS is battery powered (4.5 AH 12V Lithium Ion, BLF-12045W, Bienno) or it can be 

powered via the vehicle auxiliary charging port. The battery power system allows ~20 hrs of 

continuous operation in typical ambient conditions (temperature ~20 ̄C). The VAMMS includes 

an AC adaptor power cable to recharge the VAMMS battery using wall power when not in use. 

https://www.epa.gov/hesc/real-time-geospatial-data-viewer-retigo
https://www.epa.gov/hesc/real-time-geospatial-data-viewer-retigo
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To date, twenty-four VAMMS units have been produced.  Images of the VAMMS and the 

sampling deployment configuration are shown in Appendix D.1.  

5.2.2  Quality assurance and control 

The personal DataRAMÊ Aerosol Monitor pDR-1500 (Thermo ScientificÊ) in each 

VAMMS had the same instrument settings. The zero concentration and flow rate were confirmed 

before and after a deployment. The zero level was required to be within +/- 3 µg m-3 of 0 and was 

determined by attaching a HEPA filter to the inlet. If this criterion was not met, the instrument was 

re-zeroed according to the instrument manual. The flow rate was measured with a TSI Air Flow 

Calibrator (Model 4199) and was required to be within +/- 0.3 of 3.5 LPM. The pDR-1500 

instrument manual recommends using the RH correction feature for ambient applications. We do 

not have a record of when this feature was enabled or disabled for VAMMS deployments prior to 

Nov 2022. However, the VAMMS were typically deployed in dry, fire conditions, so we do not 

expect the use (or not) of the RH correction to interfere with the interpretation of the data.   

A pre-weighed glass fiber filter was installed in the pDR-1500 before each new 

deployment. After the VAMMS was returned, the filters were removed, stored and post-weighed. 

In addition, we collected six handling and dynamic blank filters to estimate the amount of mass 

deposited or lost from the filter due the installation/removal process and from turning the 

instrument on during the zero and flow rate checks required as part of the quality assurance steps, 

respectively.  

VAMMS data lacking geospatial information (e.g., indoor measurements and data 

collected during start-up before a GPS lock was attained) were excluded. Local sources (i.e., dust 

from unpaved roads, tailpipe emissions from other vehicles) were detected and removed using a 

running coefficient of variation (COV) method (Brantley et al., 2014; Hagler et al., 2012). Details 

of the COV method are given in Appendix D.3. 

5.2.3  Field sampling strategy  

During wildfire events, the VAMMS data was collected by an ARA. These sampling events 

were sometimes opportunistic, meaning the route was not selected solely for the intention of 

monitoring, rather monitoring data were collected while the ARA performed their incident 

responsibilities. These responsibilities may include driving to locations with reports of heavy 

smoke, setting up temporary stationary monitoring sites, or attending community events to 

publicly communicate about smoke conditions. For prescribed fire events, we collected VAMMS 

data along intentional driving routes selected to characterize spatial variation upwind and 

downwind, including higher-concentration smoke pulses near the burn. The VAMMS was 

deployed across a range of velocities (0 m/s to 40 m/s) and on different mobile platforms (on-road 

and all-terrain vehicles). 



 

100 
 

5.2.4  Data sets for performance assessment  

A summary of the data sets used to evaluate the VAMMS is given in Table 5-1.  

Table 5-1: Overview of events included in this analysis. For type, Lab = laboratory experiment, Rx = 
prescribed burning, WF = wildfire. óData Removedô refers to the percentage of the data set identified as a 
local source (e.g., dust from roadway) and excluded (Section 2.7). The mean, median and maximum PM2.5 
concentration (µg m-3) calculated from the 1-min averaged VAMMS data from each campaign are given. 
n/a = not applicable. 

Event  Type Location Dates 
Hours of 

data 
Data Removed Mean Median 

Max 

Large Chamber Lab Durham, NC 10/21/22, 10/28/22 37.5 n/a 29.5 14.3 139 

Konza Prairie  Rx Manhattan, KS 09/14/21-09/15/21 7.96 1% 34.9 10.2 1466 

Monument Fire  WF Trinity County, CA 08/10/21-09/19/21 114.4 2.6% 187.1 77.8 2378 

Cedar Creek Fire WF Oakridge, OR 09/24/22-10/12/22 28.3 6.7% 164 51.4 3178 

 

5.2.4.1  Large chamber experiments 

To evaluate the precision of the VAMMS across a span of PM2.5 concentrations under 

controlled conditions, we placed four VAMMS in the U.S. EPA Research Triangle Park large 

chamber facility and exposed them to a pulse of simulated wildfire smoke from the combustion of 

0.4 g of pine straw in a tube furnace as described by (Holder et al., 2022). We collected a 

gravimetric filter sample in one of the VAMMS and use the filter-corrected concentration data as 

the óreferenceô for these experiments. We compare literature corrected data from the four VAMMS 

to each other, and to the gravimetric-filter corrected data from the single VAMMS. 

5.2.4.2  Cedar Creek wildfire  

The Cedar Creek Fire was started on Aug 1, 2022 by a lightning storm in the Willamette 

National Forest near Oakridge, OR. The fire grew from approximately 114,000 to 122,700 acres 

in size and the border of the fire was within 15 km of the Oakridge, OR air quality monitoring 

station (AQMS) during the 18-day period focused upon in this analysis. The Lane Regional Air 

Protection Agency (LRAPA) maintains five low-cost PurpleAir sensors, an Ambilabs 

nephelometer, and a federal equivalent method (FEM) regulatory monitor (BAM 1022) at the 

Oakridge AQMS. The ARAs assigned to the incident drove past the Oakridge site on multiple 

sampling runs, allowing for a high-time resolution evaluation of the VAMMS.  

5.2.4.3  Monument wildfire  

The Monument Fire was started on July 30, 2021 by a lightning strike in the Shasta-Trinity 

National Forest in Trinity County, CA. The fire grew from approximately 67,000 to over 200,000 

acres during the period that ARAs assigned to the fire periodically operated a VAMMS. The 

density of the stationary monitoring network in the region (i.e., dozens of PurpleAir sensors and 

two regulatory monitoring stations in Weaverville and Redding, CA), and the extensive area 
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covered by the VAMMS over the measurement period, allows for a macro-scale inter-comparison 

of VAMMS, PurpleAir, and regulatory measurements. 

5.2.4.4  Konza Prairie prescribed burns 

The Konza Prairie Biological Station is a protected area of native prairie grass in the Flint 

Hills of Kansas. To maintain the grasslands, land managers conduct regular controlled burns. The 

land is organized into 3-acre plots, separated by fire breaks. In September 2021, five adjacent plots 

were burned over a two-day period. We deployed four PurpleAir sensors upwind and downwind 

of the plots and used the VAMMS to characterize downwind smoke impacts during the burns (map 

available in Fig. D.10 in Appendix D.5). VAMMS data were collected on a 4x4 all-terrain vehicle 

along lightly trafficked dirt fire breaks in between plots. In contrast to the large wildfires, the 

smoke impacted area was smaller and the driving paths were designed to capture the variation in 

smoke concentrations. We were able to get closer to the fire perimeter given the controlled nature 

of the burn.  

5.2.5  Additional instrumentation  

A summary of the instruments included in this analysis used to evaluate the VAMMS is 

given in Table 5-2.  

Table 5-2: Overview of instruments used to evaluate the VAMMS. FEM = Federal Equivalent Method. 

Instrument  Mechanism  Type Corrections Sampling resolution Events 

PurpleAir PA-II  Nephelometer Low-cost applied from lit.  80-s, 2-min, 10-min All  

Ambilabs 2-Win Nephelometer  Research-grade derived on-site 1-min Cedar Creek fire 

Met One BAM-1022 Optical FEM none 1-hr Both wildfires 

Met One BAM-1020 Optical FEM none 1-hr Monument fire 

 

5.2.5.1  PurpleAir PA-II sensors 

For the large chamber and Konza Prairie events, we used the same four PurpleAir PA-II 

monitors. Data were retrieved manually via the SD card (80-s resolution). For the wildfire events, 

we retrieved open-access historical data (2-min or 10-min resolution) from the PurpleAir server 

using the API method. PurpleAir sensors of interest were identified using a bounding box query 

(i.e., if they were within some distance of the VAMMS route or a reference monitoring station). 

Only data from PurpleAir labeled as óoutdoorô were considered. We required that the difference 

of the A and B cf=1 channels be < 70% or < 5 µg m-3 at the highest time resolution available, a 

data quality assurance step described in detail elsewhere (Barkjohn et al., 2021). If the 

measurement met this requirement, then the mean of both channels was taken to obtain one value 

for each timestamp. 
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5.2.5.2  Research grade instruments  

For the Cedar Creek fire, upon request, LRAPA provided 1-min resolution data from an 

Ambilabs 2-Win Two Wavelength Integrating Nephelometer that runs in parallel to the on-site 

regulatory monitor. 

5.2.5.3  Reference grade monitors 

Regulatory PM2.5 concentration data from FEM instruments were obtained via AirNow-

Tech, a password-protected website for U.S. air quality data (https://www.airnowtech.org/). The 

Oakridge, OR (AQMS #410392013) and Redding, CA (AQMS #060890004) air quality 

monitoring stations had BAM-1022 Beta Attenuation Mass Monitors (Met One Instruments). The 

Weaverville, CA (AQMS # 061050002) site had a BAM-1020 Beta Attenuation Mass Monitor 

(Met One Instruments), the previous generation instrument. A study of the BAM-1022 found that 

it is a reliable instrument even at concentrations reflective of wildfire conditions, with a 

measurement accuracy of 88.6% compared to the filter-based federal reference method during 

controlled chamber burns (Long et al., 2023).   

5.2.6  Corrections 

Data shown in the text were corrected using the following approaches for each instrument.  

5.2.6.1  VAMMS  

The pDR-1500 PM2.5 measurement was adjusted by the microprocessor in real time using 

a  linear adjustment factor of 0.53 developed for California wildfire smoke by Delp and Singer 

(Delp and Singer, 2020). Only corrected data were saved to the local microSD card. The corrected 

pDR-1500 PM2.5 data were compared to the blank-corrected integrated filter mass concentration 

derived from each evaluation or deployment. Through comparison to the integrated filter mass 

concentrations, we found that the Delp & Singer (2020) correction was applicable for our data sets 

(Fig. D.3 in Appendix D.2). We did not correct the real-time pDR-1500 values using the integrated 

filter mass from each deployment. During deployment, VAMMS data are interpreted immediately 

after collection by the ARA to conduct time-sensitive analysis and response activities, rather than 

retroactively. In an emergency response mode, users are not able to compare or correct the real-

time pDR-1500 measurements to the integrated filter mass concentration. For this reason, we only 

show data with the Delp & Singer (2020) correction in the text. 

5.2.6.2  PurpleAir  

We use the Holder et. al (2020) smoke correction for all PurpleAir data in the results section 

as it is the best available existing correction for our data sets. The form of the equations and 

evaluation details are given in Sect. 2 of the Supplementary Information. In short, using the 

collocated instruments at the Oakridge AQMS, we compared the performance of uncorrected 

PurpleAir data and data corrected using two wildfire-specific literature corrections to the on-site 

https://www.airnowtech.org/
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FEM during the Cedar Creek fire. Uncorrected PurpleAir data and data corrected using the extreme 

wildfir e correction (Barkjohn et al., 2022) overestimated relative to the BAM-1022 (Figure D.4 in 

Appendix D.2). PurpleAir data corrected using the wildfire smoke correction (Holder et al., 2020) 

showed the best performance, however, smoke-corrected PurpleAir data underestimated the FEM 

at ambient concentrations exceeding 600 µg m-3. Additionally, we looked at uncorrected and 

smoke-corrected PurpleAir data during the Monument wildfire, which supported the findings from 

the Cedar Creek comparison. Notably, the two AQMS and the nearest PurpleAir were farther apart 

in the Monument fire comparison (150 m and 3 km). Further, at the Weaverville AQMS, hourly 

ambient PM2.5 concentrations regularly exceeded 600 µg m-3, up to 1000 µg m-3, during which 

periods (approximately 3 measurement days), the smoke-corrected PurpleAir data underestimated 

the true concentration.   

5.2.6.3  Ambilabs nephelometer  

LRAPA corrects the real-time nephelometer data using data from the on-site FEM. The 

light scattering coefficient from the nephelometer is linearly fit to the FEM concentration using 

24-hr averaged data from 2017 to 2022 to obtain corrected PM2.5 concentration data in units of µg 

m-3. The agency develops and uses two corrections, one for wildfire smoke (used from June to 

September or October, depending on when fire season ends) and another for ambient, non-fire 

conditions (the rest of the year). The data used in this analysis were corrected by LRAPA using 

the wildfire correction (personal communication, 2/8/2023). 

5.2.7  Data processing 

5.2.7.1  Temporal alignment and averaging  

Timeseries data from collocated stationary instruments (i.e., PurpleAir, nephelometer, 

FEM, etc.) must be time-aligned to perform inter-comparisons of the concentration data. Data were 

aligned using the highest resolution available. The timeseries concentration trends from each 

instrument were visually compared to confirm alignment. For comparing mobile data to stationary 

monitors, it is generally not possible to visually confirm time alignment using the concentration 

timeseries, as the trends will be different. For the mobile and stationary comparisons, we used only 

the timestamp from each instrument to align the datasets. The timestamp from the real-time clock 

in the VAMMS was updated each time the GPS obtained a lock. Similarly, the timestamps for the 

PurpleAir sensors on the open-access, online database were synced to the system time from the 

server. Given this, we do not expect there to be a time lag between timestamps from the VAMMS 

and online PurpleAir instruments. However, for data obtained locally from the SD card of the 

PurpleAir (such as for the Konza Prairie experiments), it is possible that the internal real-time 

clock could be inaccurate, since the sensor was not connected to the internet during data collection.  

Given differences in the sampling rates of the instruments, we resampled (or averaged) the 

datasets as needed. We did this by creating a reference timestamp at the target resolution (i.e., 1-
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min, 10-min, 1-hr) and averaged all data within the specified interval from each instrument. In all 

cases, the timestamp represents the beginning of the measurement or averaging period.  We applied 

a 75% completeness requirement when resampling the data sets (i.e., at least 45 minutes of data 

were required to obtain a 60-min average, and so on). Time-alignment and resampling was 

performed in Igor Pro (v8).  

5.2.7.2  ñApproximate AQIò 

Throughout the manuscript, data are colored using the approximate color scheme and upper 

and lower PM2.5 concentration bounds of the Air Quality Index system for PM2.5. A visual color 

scale with the corresponding PM2.5 concentration ranges is given in Figure D.7. We opted for this 

as we believe the familiarity and intuitiveness of the AQI scale improves the readability of the 

figures and simplifies the discussion around semi-quantitative agreement between different 

instruments. Note that we use the same concentration ranges, colors, and categories 

indiscriminately for every time resolution (i.e., 1-s, 1-min, 2-min, 1-hr, etc). Though sometimes 

referred to as an óapproximate AQIô in the manuscript, the true AQI system is based on a 24-hour 

averaging period. The formal recommendations and health effects associated with each AQI 

category are not applicable to the higher time-resolution values presented in this analysis. 

5.2.7.3  Assessment metrics  

To assess the VAMMS, we use the following performance testing metrics suggested by 

and defined in Duvall et al. (2021) for fine particulate matter air sensor use in ambient, outdoor, 

fixed site, non-regulatory supplemental and informational monitoring applications: the coefficient 

of variation (CV), normalized root mean square error (nRMSE), the coefficient of determination 

(R2), and the intercept (b) and slope (m) linear regression coefficients. Duvall et al. (2021) also 

suggests target values for each metric: CV and nRMSE < 30%, R2 > 0.70, m = 1.0 ± 0.35, and b = 

-5 Ò b Ò 5 Õg m-3. We reference these target values to provide a general indication of performance, 

but do not use them as definitive threshold values meant to endorse or disqualify a sensor for use. 

5.2.7.4  Open-access scripts and tools 

Most of the data processing steps included in this analysis are available as Python functions 

upon request: haversine distance function & velocity calculation from GPS coordinates, COV 

method to detect and remove local sources, removing PurpleAir data that do not meet QC 

difference criteria, applying US-wide piecewise and smoke correction(s) to PurpleAir data, 

applying a completeness requirement before temporal averaging. We also refer the reader to the 

sensortoolkit for comparing sensor and reference measurements and generating sensor 

performance reports (https://github.com/USEPA/sensortoolkit).   
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5.3 Results and discussion 

5.3.1  Performance during controlled chamber experiments  

Results from the chamber experiments suggest the VAMMS instruments have low inter-

unit variability and that the Delp & Singer (2020) correction is comparable to gravimetric filter-

correction. The VAMMS units were accurate (mean RMSE < 5 µg m-3) and showed high precision 

across the four monitors. The PM2.5 measurement was highly linear (mean R2 = 0.99) from zero to 

span (max conc. = 140 µg m-3). The literature-corrected VAMMS data also showed little bias 

(mean slope = 0.96 and intercept = - 3.5 µg m-3) relative to the filter-corrected data. Scatter plots 

and summary performance statistics are given in Appendix D.4.  

5.3.2  Performance under large wildfire conditions  

To provide a more representative view of instrument performance outside of the controlled 

conditions of the laboratory experiments, we retroactively assessed the performance of the 

VAMMS during two wildfires using additional instruments available near the field sites. 

5.3.2.1  Cedar Creek 

To evaluate the VAMMS, we identified a subset of measurements when the VAMMS was 

within 100 m of the Oakridge AQMS at the Willamette Activity Center. In each case (n=15 

passages over 8 days), the VAMMS typically passed within range of the site for a few minutes at 

a time. For each passage, we compared the 1-min average VAMMS value to the nearest 1-min 

averaged nephelometer value (N=27) and to the nearest 10-min averaged PurpleAir value (N=15). 

For context, we also compared all three higher time resolution measurements to the 1-hr averaged 

regulatory value for the region. Figure 5.1 shows the time series for all four instruments. The 

complete time series for the VAMMS data is shown, but data points for the stationary monitors 

are only shown when the VAMMS was within 100 m of them. 
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Figure 5.1: Timeseries of VAMMS (1-min) and corrected nephelometer (1-min), smoke-corrected 
PurpleAir (10-min), and BAM 1022 (60-min) measurements at the Oakridge air quality monitoring 
station during the Cedar Creek fire. Data from the nephelometer and PurpleAir are shown only when the 
VAMMS was within 100 m of the instruments. 
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As a more detailed example, Fig. 5.1a has labels showing the distance of the VAMMS 

from the Oakridge AQMS over the course of the sampling run.  Initially, the VAMMS was more 

than 18 km away from the AQMS on a canyon roadway at a lower elevation than in downtown 

Oakridge (GPS height difference of about 100 m). PM2.5 concentrations there were nearly twice 

the level reported by the Oakridge BAM-1022 monitor at the AQMS. As the VAMMS travelled 

into downtown Oakridge, measurements from all four instruments converged. The VAMMS 

remained in town over the next hour, staying within 3 km or less of the AQMS, and 1-min 

measurements were consistent with the BAM-1022 during this time window. The VAMMS then 

descended toward Lookout Point Lake and as elevation decreased, PM2.5 concentrations again 

increased, suggesting smoke levels near the low-lying lake were consistently higher than in 

downtown Oakridge. A map indicating the location of the lake, Oakridge AQMS and driving route 

for Fig. 5.1a are shown in Figure 5.2. 

Figure 5.2: Satellite map and driving route showing the Oakridge, OR region, corresponding to Fig 
1a. VAMMS (1-min) data are shown as colored circles. Pin markers show the locations of Lookout 
Point Lake and the Oakridge air quality monitoring station (AQMS) in downtown Oakridge. The 
roadway connecting the two locations is Willamette Highway58. Image source: Google Earth Pro 
Version 7.3.4.8248. Oakridge, Oregon, USA. Border and labels layer. Accessed: February 9, 2023. 
© Google Earth 2023. 
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In 12 out of 15 passages (80%), all four instruments agreed in ñapproximate AQIò category 

and the percent difference between the VAMMS PM2.5 concentration and the corresponding 

concentration from the other instruments was <15% on average. For two of the three remaining 

passages, the difference between instruments was within ± 15 µg m-3 on average, representing 

óedgeô cases (i.e., concentrations were near an AQI breakpoint level). In the remaining instance, 

the VAMMS and corrected nephelometer 1-min measurements differed by almost 200 µg m-3 

(VAMMS = 730 µg m-3 and Neph = 540 µg m-3, mean N=2) while the smoke-corrected PurpleAir 

(10-min) and BAM-1022 (1-hr) reported lower mean concentrations around 470 µg m-3. There are 

two possible explanations for this discrepancy. Firstly, the two 1-min VAMMS data points for this 

passage were collected within the first 3 minutes of the VAMMS being turned on. It could be that 

the pDR-1500 was still powering up and equilibrating when these data points were recorded. 

Though we expect any óstart-upô effect to be minimal, the extreme PM2.5 levels (> 500 µg m-3) 

experienced immediately upon start-up in this instance may explain the high and erroneous values. 

It is also possible that there was residual particulate matter in the sampling line. Secondly, the 1-

min stationary nephelometer data at the AQMS show that two 1-min VAMMS measurements were 

collected during a 10-minute window when concentrations peaked over the hour. At the start of 

the hour, concentrations were near 340 µg m-3 and steadily rising. They peaked around 550 µg m-

3 about 40 minutes into the hour, during the two min of VAMMS measurements. Levels then began 

reducing, back to around 460 µg m-3 by the end of the hour. Taken together, the conditions present 

in this example may explain why the 1-hr BAM 1022 value (460 µg m-3) was more than 250 µg 

m-3 lower than the VAMMS and 100 µg m-3 lower than the nephelometer. 

5.3.2.2  Monument wildfire  

Here we seek to examine how the VAMMS compared to the existing stationary monitoring 

network (regulatory and open-access PurpleAir) over a large area. Figure 5.3 shows a map of the 

Shasta Trinity County, CA region, spanning over 520,000 km2, including two regulatory sites 

(Weaverville and Redding) and twenty-seven PurpleAir sites. The map contains markers for the 

2-min VAMMS data collected over 22 days during the Monument wildfire incident.  The 

PurpleAir sensors were required to be within 1500 m of the VAMMS to be included, but most 

were much closer. The median distance for the 27 sensors was 400 m. The coordinates, ID number, 

name, number of data points, and mean distance from the VAMMS for each of the 27 PurpleAir 

sensors is given in Table D-2.  



 

109 
 

Figure 5.4 shows a scatter plot of the PM2.5 concentration from the mobile VAMMS and 

the stationary high-time resolution sensors for both the Cedar Creek and Monument fire 

comparisons. Figure 4a compares the VAMMS to the nephelometer at Oakridge AQMS for the 

Cedar Creek fire and Fig. 5.4b compares to the open-access PurpleAir network data for the 

Monument fire. For the Cedar Creek fire, compared to the nephelometer, the VAMMS met all 

target values for performance. The VAMMS data overestimated compared to the nephelometer 

measurements (slope = 1.17) and though this was generally more pronounced at higher 

concentrations, it was not universal.  

 

 

 

 

Figure 5.3: Map of VAMMS measurement locations (a) for the entire deployment period during the 
Monument Fire and (b) on 08/11/2021 only. VAMMS data are shown as small circles, the twenty-seven 
PurpleAir within 1500 m of the VAMMS route are shown as diamond markers, and the two nearby 
regulatory air quality monitoring stations (AQMS) are shown as large squares. In panel (b), the data are 
colored by PM2.5 concentration. VAMMS and PurpleAir data are 2-min averaged, while the regulatory air 
quality monitoring station (AQMS) data are 1-hr averaged. PurpleAir and AQMS data are shown at the 
time of the passing by. The border of the Monument Fire on 08/11/2021 is shown in red (infrared map, 
source: InciWeb).  Image source: Google Earth Pro Version 7.3.4.8248. Shasta-Trinity County, USA. 
Accessed: April 19, 2023. © Google Earth 2023. 
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For the Monument fire, agreement was worse than the Cedar Creek comparison (higher 

slope, lower intercept, lower R2 and high nRMSE), however the data agreed well until the upper 

end of the concentration range (blue points on Fig. 5.4b). These high concentration data were 

collected over three days at the beginning of the measurement period, near the Weaverville AQMS. 

The hourly PM2.5 data from the Weaverville BAM-1020 FEM suggest that real ambient 

concentrations were between 600 and 900 µg m-3 during this period. This is the range we observed 

the PurpleAir smoke-correction to underestimate the FEM (Fig. D.4). This suggests that rather 

than the VAMMS overestimating the ótrueô concentration, the PurpleAir is likely underestimating 

the concentration in this case. Further, in the case of the Monument fire comparison, the PurpleAir 

data are from multiple sensors (rather than one) and the sensors were also allowed to be further 

away from the VAMMS (up to 1500 m) to expand the spatial area over which we could perform 

the comparison.  

In all, findings from the Cedar Creek comparison suggest that the VAMMS is accurate at 

high-time resolutions even while mobile. Results from the Monument fire comparison support this 

conclusion. Further, many of the PurpleAir sensors in the Monument fire comparison were not 

operated by a formal air agency but schools, organizations, or private residents, suggesting that 

(corrected) PurpleAir network data can also be a reliable, semi-quantitative resource to 

characterize smoke concentrations in wildfire impacted areas. Still, there were stretches of 

Figure 5.4: Scatter plot of the mobile VAMMS compared to (a) the stationary nephelometer at the 
Oakridge, OR air quality monitoring station and (b) stationary, open-access PurpleAir (N=27) network in 
the Shasta Trinity County, CA area. The VAMMS was within 100 m of the stationary site for (a) and 
within 1500 m for (b). Linear regression coefficients are given as y = mx + b, where m is slope and b is 
intercept. R2 = coefficient of determination, nRMSE = normalized root mean square error, N = number of 
data points. These data were collected between Sep 24 and Oct 15, 2022 during the Cedar Creek wildfire. 
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roadway that did not have any nearby PurpleAir, where only the VAMMS was able to capture 

spatial variations in smoke concentrations. If we removed all the PurpleAir and VAMMS data 

markers from Fig. 5.3, leaving only two regulatory stations, it is striking how little information 

remains. 

5.3.3  Performance under near-field burning conditions 

In addition, we seek to assess how the VAMMS performs near a small, prescribed fire in 

comparison to stationary PurpleAir sensors in an area without regulatory monitors. We performed 

a comparison of the VAMMS (10-s) and PurpleAir (80-s) during three consecutive 3-acre burns. 

The active burning phase of each 3-acre plot lasted only about an hour, during which the plume 

could be seen, though the plots continued smoldering for several hours after the burn. A terrain 

map, locations of the temporary stationary PurpleAir monitors, the VAMMS sampling route, the 

location and size of the burn plots are shown in Figure 5.5. Additional images of the deployment 

terrain, the plume shape, and details on the burn schedule and conditions are given in Appendix 

D.5. 

Unlike for the two large fires analyzed where conditions were relatively stable over several 

minutes or hours, we observed rapidly changing plume dynamics within 500 m of the prescribed 

fire. The VAMMS passed within 100 m of the PurpleAir for only 6 or 7 seconds at a time and the 

conditions were not stable enough in the immediate area of the PurpleAir that the 80-s mobile 

Figure 5.5: Map of VAMMS (10-s) and PurpleAir (maximum value) measurements during the consecutive 

prescribed burning of three 3-acre plots. Data are colored by (a) GPS height and (b) PM2.5 concentration. The 

primary wind direction during the burns and the burned area of the three plots (red polygons) is shown on panel 

(a). These data were collected from 16:05 to 19:45 UTC on 2021-09-15 in Manhattan, Kansas.  Image source: 

Google Earth Pro Version 7.3.4.8248. Konza Prairie Biological Research Station, USA. Accessed: April 19, 2023. 

© Google Earth 2023. 
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mean would be comparable to 80-s stationary mean. PurpleAir PM2.5 concentrations could change 

by an order of magnitude in an 80-s period. For context, Fig. D.11 shows the time series from each 

of the four stationary PurpleAir sensors for one of the burns.  

Figure D.12 shows the timeseries of the instruments when the VAMMS was within 100 m 

of the stationary PurpleAir. In 50% of the passages, the two instruments were within about 10 µg 

m-3 of each other or better. For ~30% of the events, measurements from both instruments were 

nearly identical. In 15% of the cases, the instruments were within 1 óapproximate AQIô category 

of one another and were two or more óapproximate AQIô categories different in ~30% of the cases. 

Ultimately, this meant that the VAMMS and PurpleAir measurements showed poor agreement half 

of the time. There are a few explanations for this observation. Firstly, in these conditions, it was 

possible for the VAMMS to be within 100 m of a PurpleAir sensor but be behind (or upwind) of 

the plume or be up to 50 m closer to the fire border. This explained some of the ópoorestô 

agreements between the two sensors (indicated with text labels on Fig. D.12). Secondly, steep 

elevation changes (Fig. 5.5a) and shifting wind conditions contributed to poor agreement with the 

mid-downwind PurpleAir positioned at the edge of the ridgeline. The road that the VAMMS was 

travelling on passed by the mid-downwind location and then dropped steeply into the valley below. 

Depending on the wind conditions, the plume fumigated the valley or was lofted above it, meaning 

the smoke conditions in the valley floor and at the top of the ridge could vary significantly despite 

the proximity of the two locations. Lastly, we did not sync the real-time clocks in each PurpleAir 

with the VAMMS ahead of the experiment and did not collect the type of data necessary to confirm 

optimal alignment after the experiment, meaning there could have been small time misalignments. 

Under these rapidly changing conditions, and given that the VAMMS was mobile, if one clock 

lagged another by even 30-s the impact of this difference would be magnified, particularly given 

the different sampling resolutions (1-s and 80-s).  

Though measurements from the stationary and mobile instruments were not highly 

comparable under these conditions, Fig. 4b shows the value of mobile monitoring, even for this 

size fire. Given that the VAMMS passed by the PurpleAir sensors multiple times, we opted to 

show all of the VAMMS data and the maximum value measured by each PurpleAir during the 

three burns to provide a more complete picture of the downwind concentrations. Using only 

stationary monitoring, we would not have identified the most impacted region, and we would not 

have captured such fine-level detail on the spatial extent and concentration differences within the 

plume. The VAMMS data also more clearly captures the impact of lower elevation on increased 

downwind PM2.5 concentration. Meanwhile, the stationary monitors were able to capture temporal 

variations in the plume. 

Findings from this section highlight the value of temporary stationary monitoring, while 

demonstrating the limitation of longer averaging time for assessing smoke near prescribed burns.  

For small, prescribed fires where meteorological conditions are well characterized, the monitoring 
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duration is short, and near-field plume dynamics are highly variable, stationary monitors may 

better represent concentrations for personnel on the ground, while the mobile monitor can provide 

data with higher temporal and spatial extent that would be useful for validating smoke plume 

models. 

5.3.4  Interpretation of high -time resolution measurements  

One difficulty in combining mobile and stationary monitoring is comparing the high time 

resolution (1-min) data typical of mobile monitors and low time resolution (1-hr) data typical of 

the ambient PM2.5 monitoring network. Given the variability inherent in an instantaneous 

measurement, we are interested in quantifying the expected variation that a single high-time 

resolution measurement may have compared to 1-hr averages. For this analysis, since we had only 

a few times when the mobile VAMMS was next to the FEM, we used data from the stationary 

nephelometer (1-min) to compare to the FEM at the Oakridge, OR air quality monitoring station 

during the Cedar Creek fire.  

The raw VAMMS sampling resolution is 1-s, so we first need to know if a 1-s measurement 

is comparable to a 1-min measurement. We show that this is a reasonable assertion by comparing 

the 1-s measurements from the VAMMS to the 1-min mean from the VAMMS and nephelometer 

(Fig. D.15). 

For each of the hours that included a VAMMS passage, we separated the hours by 

óvariableô or óstableô conditions using the standard deviation of the 1-min nephelometer 

measurements for each given hour. If the standard deviation was less than 10 µg m-3 for the hour, 

the conditions were considered óstableô. Figure 5.6 shows the PM2.5 concentration, averaged in 

four different intervals (1-min, 5-min, 10-min, and 30-min), for the óstableô and óvariableô hours, 

respectively. For this data set, óvariableô conditions were associated exclusively with PM2.5 

concentrations above 50 µg m-3, while óstableô conditions never exceeded 100 Õg m-3. The 1-min 

median for óvariableô conditions was around 315 Õg m-3, with maximum values above 800 µg m-

3.  
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Figure 5.6: Box plots of the PM2.5 concentration from the nephelometer at the Oakridge, OR air quality 
monitoring station (left) during variable (top) and stable (bottom) conditions. The percent error of the 
nephelometer concentration measurement compared to the 1-hr mean from the BAM-1022 is shown for 
each set of conditions (right). For the boxes, the median is the line, the top and bottom of the box are the 
75th and 25th quartiles, the whiskers are the minimum and maximum value, and outliers are shown as dark 
circles The boxes are shaded using AQI breakpoints and colors.  These data were collected between Sep 25 
and Oct 12, 2022 during the Cedar Creek wildfire. 



 

115 
 

Figure 5.6 also shows the percent difference of the interval measurements compared to the 

1-hr mean concentration (where the 1-hr mean is the true value, and the interval concentration is 

the estimated value). Under óvariableô conditions, the percent error for a 1-min measurement could 

be as high as 70% but was most frequently around 20%. It was only after 30 minutes of sampling 

that the difference was drastically reduced to a median of 12%. 

Nonetheless, even in the case of 1-min of data, the VAMMS would most often record a 

measurement within 22% of the 1-hr mean. Approximately 20% difference may be acceptable if 

the goal were to obtain a semi-quantitative indicator of air quality conditions. If the goal were to 

make a decision related to public safety under óvariableô conditions, at least 5 or 10 minutes of 

data or longer, if possible, would provide a more accurate concentration measurement for the 

location in question. However, since óvariableô conditions were most often associated with 

hazardous concentrations (median >300 µg m-3), more data would not necessarily change the AQI-

based recommendation. 

For óstableô conditions, an instantaneous measurement would be sufficient to characterize 

the air quality conditions. The median percent difference for the 1-min measurements was less 

than 15% and the maximum was around 40%. Unless it were an edge case (i.e., the conditions 

were near the breakpoint of an AQI level), or the air quality were Good to Moderate, this level of 

accuracy would not change public health guidance. Additionally, there was not much benefit for 

longer sampling under these conditions as there was minimal change in range of percent 

differences at longer averaging times.  

For the 15 passages of the VAMMS (Fig. 5.1), the median percent difference for the 1-min 

VAMMS measurement was 25% compared to the corresponding 1-hr mean of the FEM, under 

both óvariableô and óstableô conditions. This is consistent with the 1-min medians shown in Figure 

5.6. For óstableô conditions (five of the fifteen passages), the median percent difference was 18%.  

For the remaining 10 passages that occurred during óvariableô conditions, there were three 

instances where the VAMMS happened to pass by when concentrations were near the mean level. 

For five of the óvariableô passages, the VAMMS passed by when levels were above or below the 

1-hr mean, but still close enough that they fell within the same óapproximate AQIô category. In all, 

it was unlikely that the VAMMS happened to pass by during a peak within a variable hour, having 

only occurred during 2 of the 15 passages (< 15% of cases). For these cases, the percent error was 

around 60%, consistent with the 70% maximum error seen in the whiskers of Fig 5.6. In all, just 1 

or 2-min of sampling resulted in a concentration measurement comparable to the 1-hr mean in over 

50% of the passages.  

This finding gives users a quantitative understanding for how representative the VAMMS 

may be and more broadly, how to interpret a high-time resolution measurement compared to a 

low-time resolution measurement.  
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5.3.5  Comparison to other mobile monitoring studies  

Mobile monitoring in the past has not been optimized for wildland fire response, which is 

the target application of the VAMMS equipment and WSMART loan program. Much of the 

literature for mobile monitoring, and thus widely accepted quality assurance and data processing 

methods, has focused on characterizing persistent temporal and spatial urban air quality trends. 

Wildland fire is episodic and complex, and conditions change rapidly. These conditions are not 

amendable to existing mobile sampling methodologies and the accompanying data analysis 

approaches. Conversely, most mobile studies that focus on wildland fire are focused on quantifying 

emissions and characterizing fire conditions, not on characterizing and interpreting air quality 

conditions for public health guidance.   

Consequently, we determined some approaches taken in other mobile monitoring studies 

(e.g., accounting for the sensor lag period or self-pollution) to not be applicable to our application. 

For example, the sensor lag period is the time that it takes for the sampled air to reach the 

instrument and be measured and recorded. For stationary or low speed monitoring, a few second 

lag period would be insignificant for interpreting VAMMS data. However, at highway speeds, the 

spatial error introduced by an unaccounted-for lag could be more significant under specific 

circumstances resulting in rapidly changing concentrations, such as sampling along a highway on 

a steep elevation gradient. Otherwise, sensor lag is primarily an issue for studies measuring 

multiple parameters requiring the alignment of timestamps from multiple instruments, accounting 

for differences in sampling resolution and averaging interval, as well as real differences between 

the instrumentôs internal real-time clocks.  Though this was an issue we experienced in our specific 

case study comparing VAMMS and PurpleAir data during near-source conditions, the VAMMS 

is typically used independently. Therefore, in most cases, we expect a few-second lag period to be 

insignificant for users interpreting these data sets. For our specific application of comparing the 

mobile VAMMS to stationary monitors, ósensor lagô In urban mobile studies, óself-pollutionô 

refers to the sampling equipment capturing emissions from the monitoring vehicle itself. For our 

application, we surmise that any particle pollution from the vehicle itself is negligible compared 

to the PM2.5 emitted by wildland fire in the target region, but we did observe periods of road dust 

arising from the acceleration of the monitoring vehicle in some locations as a form of self-

pollution.  As for spatial fidelity, given that our goal is to assess real-time concentrations and 

provide actionable air quality information, we surmise conducting repeated runs intended to reduce 

spatial uncertainty are of limited value for this application. Conversely, repeated runs can be useful 

to identify persistent trends in a region, such as the impact on smoke concentrations due to an 

atmospheric inversion lifting each morning of the monitoring period.  

The study of air quality impacts from the 2016 Horse River Fire was most similar to our 

application (Tam and Adams, 2019). They used E-BAMs and a sophisticated mobile monitoring 

lab to inform decision making regarding the safety of response personnel and community 
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members. After the event, they determined that valuable information was lost due to moving the 

mobile monitor multiple times, occasionally to locations that did not benefit from additional 

monitoring. In the end, they determined that it would have been better to locate their mobile 

laboratory at a single site throughout the wildfire so they could characterize temporal trends in the 

trace gases. For emergency response applications, they suggested that a quick evaluation of the 

impacted region be conducted to determine the best location(s) for additional monitoring. Notably, 

this is a strength of the VAMMS. Multiple ARAs reported using the VAMMS to aid in site 

selection of areas needing additional stationary monitoring.   

5.3.6  Uses and limitations  

Recipients used the VAMMS for a variety of applications including roadway visibility 

assessment, general situational awareness, spatial variability characterization, to identify locations 

suitable for additional stationary monitoring and for comparison with nearby monitors. The 

VAMMS can be used alongside temporary stationary monitoring to compare upwind and 

downwind plume measurements to predictions from commonly used dispersion models. It can also 

be useful to repeat sampling runs/routes at different times of day to observe the impact that 

meteorological conditions (like overnight inversions lifting in the morning) can have on the air 

quality conditions in a region of interest. Repeated use of the VAMMS may also improve a userôs 

ability to assess air quality conditions visually. 

There are a few notable limitations to this dataset. For example, we noted upon equipment 

return that the probe was partially clogged on the VAMMS returned from the Cedar Creek fire, 

causing the pDR-1500 to slightly underestimate ambient concentrations when sampling through 

the probe versus open sampling (i.e., no sampling probe or line attached to the inlet). Presently, 

we are unable to quantify the impact that a heavy loaded filter or clogged probe/sampling line has 

on the pDR-1500 measurements. Though given the good agreement between the pDR-1500 and 

corrected nephelometer at the Oakridge AQMS throughout the duration of monitoring, we surmise 

that the effect was not highly significant for that data set. Future research will focus on identifying 

the appropriate maintenance schedules for heavy smoke conditions to avoid degradation in 

performance of the pDR-1500. We also plan to explore the accuracy of the pDR-1500 response in 

extreme wildland fire smoke conditions (600 to >2500 µg m-3). The pDR-1500 is reported to have 

a concentration range up to 400 mg/m3 for SAE/ISO Fine test dust (Thermo Fisher, 2019). 

However, with the available data sets, we were unable to determine if and to what degree the 

VAMMS was overestimating concentrations in this range (i.e., Monument wildfire) for wildland 

fire aerosol.  

The mobile and stationary instrument comparisons were largely dependent on the integrity 

of each instrumentôs real time clock.  For future projects intending to compare the stationary 

measurements with instantaneous mobile measurements, it is necessary to confirm (immediately 
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before sampling) that the real-time clocks in the instruments are aligned to a second or even 

millisecond basis. These instruments can only be aligned after the fact if the study design 

intentionally includes a period of collocated stationary monitoring near a source signal. 

Lastly, we determined that high time resolution measurements had a median difference of 

around 20% compared to 1-hr measurements during the Cedar Creek wildfire. Future research 

should look at how this finding translates to other instruments (which may have variable sampling 

rates and rely on different optical measurement methods), and potentially other fires and smoke 

conditions. Though we expect the findings for smoke conditions to be similar if the same 

determination for óvariableô and óstableô conditions are maintained, it is possible that differences 

in source fuels from fires in different regions could impact the interpretation of high time resolution 

data compared to the nearest FEM or FRM monitor. 

5.4 Conclusions 

We found that mobile measurements from the VAMMS were comparable to stationary 

measurements under real wildfire conditions, suggesting that it is possible to collect actionable 

data in impacted regions located away from low-cost or regulatory air monitors for assisting in 

emergency response activities. However, future work should aim to increase functionality (such 

as incorporating a real-time indicator display) and improve user access to data processing and 

visualization tools, such as allowing users to apply data quality assurance steps and select specific 

time periods and/or locations for further analysis.  

In general, this work highlights the value of using portable sensor technologies to address 

some of the monitoring challenges presented by dynamic wildland fire conditions. For example, 

mobile monitoring can assist in identifying the most impacted areas or sites that would benefit 

from additional stationary monitoring. Smoke plume dynamics depend on many factors but 

expansive plumes, such as those from large wildfires, are likely to be stable over longer periods of 

time. Mobile monitoring is prime for these conditions, as the user can have more assurance that 

the location to location changes they observe during their route are representative of real spatial 

differences and not just temporal changes in the plume. However, future research efforts should 

explore how portable sensors can be used to characterize and improve our understanding and 

ability to model smoke flow plumes in regions with steep and complex terrain.  

We also found evidence for combining mobile monitoring with stationary data where 

possible. For small plumes, such as the Kansas Prairie experiments, the plume was observed to 

vary over short time intervals and small spatial scales, highlighting the value of temporary 

stationary monitoring. Proper site selection and the time required for deployment and retrieval are 

non-trivial factors in temporary stationary monitoring, however if the fire and impacted area are 

small, only a few monitors may be needed to create a sufficiently dense network. Further, such a 
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dataset can be used to map and create a timelapse of the plume, which may help to inform fine-

scale plume modelling efforts 
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Chapter 6: Conclusions 

 

In this chapter, key findings and implications from each prior chapter are summarized and 

presented. Overarching conclusions related to the key research themes and objectives are drawn 

and finally, future potential areas of research resulting from this work are suggested.   

6.1 Findings and implications 

6.1.1  Chapter 2 summary 

In this chapter, we piloted a framework for deploying and operating an ambient air quality 

monitoring network including several sites across Malawi. Using data collected in North Carolina 

and Malawi, we applied and compared the performance of five modelling approaches to obtain 

calibrated measurements from electrochemical gas sensors in the óARISenseô ambient air quality 

sensor package. We also assessed the performance of the integrated optical particle counter 

compared to a filter-corrected nephelometer at a rural field site in Malawi.  The first year of 

deployment data was used to evaluate the transferability of the calibration models and identify 

practices that increased data quality and overall recovery. 

6.1.1.1  Key findings  

1. Performance during the pre-deployment NC assessment, which suggested the calibrated 

ARISense sensor packages (excluding the NO2 sensor) would be suitable for supplemental 

air monitoring, did not reflect performance in Malawi. A lack of coherency in diurnal 

trends between calibration model predictions and frequent non-physical concentration 

values showed that LCS measurements made in deployment environments different from 

the collocation environment can be unreliable and may lead to biased information about 

the deployment environment. 

2. The kNN hybrid modelling approach performed the best in the NC and when applied to 

data collected in Malawi.  

3. Our LCS surface observations showed consistent inter-site and monthly trends when 

compared to remote sensing data and model products. Our ambient concentrations from 

Malawi were also on the order of measurements from similar studies across SSA.  

4. While the ARISense packages survived the 1 year deployment to Malawi and enabled 

collection of a large, novel dataset, 20 to 50% of the deployment data were lost due to 

insufficient power and corrupt data storage systems.  
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5. Deployment, maintenance, troubleshooting, and repair logistics were restricted by spotty 

cellular connection, limited human resources, and our inability to remotely locate and 

procure appropriate equipment.  

6. The responses of the LCS were not remarkably different after one year of deployment, 

assuming actual concentrations did not vary significantly from 2017 to 2018. However, 

except for CO, repeated exposure to high-concentration biomass emissions during 

emission tests at the end of the first yearôs deployment completely degraded the sensors.  

6.1.1.2  Implication s 

1. Our experience showed that LCS networks are a viable method to collect novel surface AQ 

data in regions without reference equipment, but this approach requires strict data 

evaluation procedures and transparent discussion of equipment limitations to prevent the 

misinterpretation of poor data or model artifacts (i.e., an extrapolation or output from the 

machine learning process that cannot be confirmed with empirical evidence) as real, 

conclusive findings.  

2. A difference in ozone precursor emissions and concentrations and thus chemical regime 

between NC and Malawi may have contributed to the deficient performance of the 

calibration models in the deployment environment. We expect our experience in Malawi 

may generalize to other less-industrialized regions, suggesting that additional research is 

needed to address the issue of LCS calibration for secondary pollutants.  

3. The general lack of standardization in LCS calibration and assessment approaches 

complicated and extended the calibration process for our study. From the perspective of an 

end user, or even an application-focused researcher not wholly focused on sensor 

calibration and evaluation, the burden of calibration easily becomes overwhelming. There 

is presently no clear guidance on which model would be appropriate for which sensor under 

which circumstances or how to select the best approach. This limits the potential user base 

of LCS technologies, complicates our ability to generalize findings across different studies, 

and may even lead to inferior quality measurements. 

4. This pilot deployment also provided lessons regarding the design and deployment of low-

cost AQ monitoring systems for off-grid applications. Future solar-powered deployment 

efforts should be designed to allow for primary and secondary data recovery goals (i.e., a 

back-up plan to prioritize the most desirable data in the event of insufficient power). 

5. In addition to solar power limitations, other potential confounding factors like extreme 

weather and limited technical capacity and assistance availability be considered before 

deployment to remote locations. A repair kit with basic equipment (e.g., pre-programmed 
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USB devices, alternate SIM cards, hand tools with attachments specific to each LCS) stored 

in a nearby, secure location would have allowed for quicker troubleshooting and repair. 

6. Operation beyond specified conditions, combined with ~100 hours of exposure to high 

concentration gases during the post-deployment emissions monitoring experiments, 

damaged the three less robust sensors (NO, NO2, Ox) and made them unsuitable for 

continued use. We caution end users to carefully select an appropriate sensor package given 

pilot information about the emission sources in their target site. 

7. While LCS in SSA show promise, many of the issues experienced in this study stemmed 

from a lack of in situ reference monitors. Additional reference grade monitors throughout 

the region may help circumvent issues related to calibration modelling and quality 

assurance. A regional, shared facility would enable periodic, regionally representative 

collocations without requiring every country to establish its own regulatory network. 

6.1.2  Chapter 3 summary 

Using the methodologies, lessons learned, and equipment evaluated in Chapter 2, we 

collected and analyzed multiple years of ambient air quality data at four sites in Malawi to 

characterize spatiotemporal trends, estimate background concentrations, and identify contributions 

from nearby sources. Other drivers of ambient air quality, including meteorological trends and 

seasonal burning activity were explored and discussed.  

6.1.2.1  Key findings  

1. The complete multi-year data set (2017 to 2021) provides a previously unavailable long-

term AQ record for Malawi. 

2. Biomass burning in SSA during the hot, dry season had measurable impacts on regional 

AQ, increasing ambient PM2.5 and CO concentrations by a factor of 0.5 to 3. 

3. Traditional stoves and small-scale biomass burning activity in concentrated village settings 

have measurable effects on ambient concentrations. Concentrations in the village sites were 

up to three times higher during mealtimes than at the university sites.  

4. Weather and precipitation during the rainy season decreased mealtime peaks by up to 75% 

at the village sites. Changes in cooking behaviors, emission transport, and/or increased 

deposition processes during rainy season led to improved village AQ.  

5. Rural and University AQ trends were clearly distinguishable. The emission impacts of 

nearby sources (e.g., cookstoves, cars, etc.) could be identified from diurnal data and 

context information, with the rainy season being the hardest to differentiate between sites.  
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6.1.2.2  Implications 

1. Empirical data on ambient AQ conditions at these sites in Malawi provide a benchmark, 

allowing future measurement campaigns to assess the effectiveness of emissions control 

strategies. 

2. Pollutants like CO, PM2.5, & NOx can give information about nearby emission sources, 

while secondary pollutants like O3 give information over larger spatial scales. Leveraging 

multi-pollutant data streams from sensor packages improves their applicability by 

revealing the likely dominant emission sources in the local deployment environments 

(ósource-influencedô) compared to the regional environment (óbackgroundô). 

3. Emission generation activity rates may have seasonal trends, therefore assuming a constant 

rate throughout the year in an inventory may not be a good assumption (opposite finding 

of DeWitt et al. 2019). Further, for a study focused on AQ characterization, the rainy season 

may be best for background measurements, but will likely not aid researchers in source 

identification. 

6.1.3  Chapter 4 summary 

We conducted a five-week emissions monitoring campaign in rural Malawi in austral 

winter 2017 and 2018. We measured emission factors from two types of cookstoves and three 

types of small-scale industry sources and compared the values to existing measurements from 

comparable literature studies and global emissions inventories. We quantified sources of 

uncertainty (e.g., measurement error, carbon balance assumptions, etc.) and characterized sources 

of variability (e.g., fuel moisture and species, kiln efficiency and size, etc.) to assess how these 

factors contribute to differences across and within studies.  

6.1.3.1  Key findings  

1. Measurements of in-home cookstoves in SSA, from this study and similar studies, suggest 

that traditional stove CO EFs are ~30% higher in this region than the óopen cookingô and 

ófuelwoodô values that are most often used in emissions inventories and are based on 

aggregated measurements from multiple global sources. 

2. Compared to traditional stoves, the chitetezo mbaula cookstove significantly reduced PM2.5 

and CO emissions by 40% and 20%, respectively, but did not impact fuel consumption 

rates.  

3. This study resulted in EFs that were significantly different from previous measurements of 

cookstoves southern Malawi (Wathore et al., 2017), despite using similar measurement 

equipment and methodology. Fuel moisture was identified as a factor that likely 

contributed to higher PM EFs in our study.  
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4. Fired clay kilns, which are often not treated separately from household cooking domestic 

sector in regional and global EIs, had PM2.5 EFs that were thirteen times lower than 

traditional stoves, suggesting this activity cannot be accurately represented by EF values 

for óopen cookingô. 

5. Small earth mound charcoal kilns in this region may be half as efficient at converting wood 

to charcoal than the 28% first measured and later assumed in key earth mound charcoal 

kiln literature. This implies that yield-based EFs (g kg charcoal produced-1) calculated 

assuming 28% yield will lead to an underestimation of the impact of the charcoal kiln 

emissions in rural SSA. 

6. Assumptions required in the charcoal kiln carbon balance may contribute up to 24% 

uncertainty to the overall EF value.  

7. A key literature source for biomass burning EFs was found to have erroneously reported 

OC and EC EFs in the wrong unit basis for earth mound charcoal kilns. Any emission 

inventory using these values as-is is subject to a five-fold underestimation due to this 

mistake.  

6.1.3.2  Implications 

1. Emission factors measured during uncontrolled, in-home combustion are highly variable. 

Factors like fuel species, fuel moisture, variation in the skill and preferences of cook or 

producer, and the quality or condition of the stove/kiln may all contribute to inter-sample 

and intra-sample (i.e., literature) variation in measured EFs for a single source category. 

Consideration should be taken when using these measurements (and others) to broadly 

represent and quantify household and industry emission impacts in inventories for Sub-

Saharan Africa. 

2. To improve transparency, emissions studies would benefit from including as much detail 

as possible on the measurement methodology, fuel and source, and key assumptions made 

in their calculations alongside their EF measurements.  

3. There is some evidence that breaking broad source categories into narrower categories 

would improve global estimates. For example, evidence from this study suggests that 

charcoal yield varies significantly even within a kiln type. Therefore, in addition to major 

kiln types, future studies may consider the range in kiln sizes and the impact on resulting 

emissions.  

4. Studies reporting mixed yield-based and fuel-based units in the same table have contributed 

to multiple errors in major emissions products and EIs. Where possible, it would be clearer 
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to avoid reporting values with mixed units in the same table, and when available, to choose 

activity data on a common unit basis for all sources.  

5. Accurate and up-to-date activity data still represents a major barrier to accurate emissions 

quantification in this region. Though emissions measurements are still limited in this 

region, the results of this study and comparisons to literature suggest that emission factor 

values for most major sources (e.g., TSFs/open cooking and charcoal kilns) are well-

documented and generally in agreement. If we are to improve regional models in this area, 

the focus should turn to better characterizing activity rates for each of the source categories. 

6.1.4  Chapter 5 summary 

In this chapter, we shifted to measurements in a domestic setting and evaluated a 

supplemental mobile monitoring system (Vehicle Add-on Mobile Monitoring System) developed 

by the U.S. Environmental Protection Agency for use in areas impacted by wildland fire smoke. 

Portable sensor data was collected at two major wildfires in the western United States and during 

the controlled burning of grasslands in Kansas. We used a stationary network of federal equivalent 

method monitors and low-cost sensors to evaluate the performance of the mobile monitor and 

assess its ability to characterize regional air quality impacts from large wildland fires and from 

localized impacts from small, prescribed fires. We also explored how 1-s and 1-min measurements 

compare to low time resolution measurements under wildfire conditions to aid users in interpreting 

and acting on high time resolution data.  

6.1.4.1  Key findings 

1. Mobile measurements from the Vehicle Add-on Mobile Monitoring System (VAMMS) 

were accurate and linear compared to a stationary federal equivalent method reference 

monitor (nRMSE = 30%, R2 = 0.90) during a large wildfire episode in Oregon. VAMMS 

measurements were also consistent with stationary measurements from large network of 

27 low-cost sensors over a 20-day period during a wildfire in California. 

2. For small plumes, such as the prescribed burning experiments, the plume was observed to 

vary over short time intervals and small spatial scales, highlighting the value of temporary 

stationary monitoring. Though the mobile measurements were able to identify the most 

impacted area, the stationary measurements provided a better understanding of real-time 

conditions on the ground.  

3. High time resolution measurements had a median difference of around 20% compared to 

1-hr measurements during one wildfire and in most cases, just 1 or 2 minutes of sampling 

was sufficient to capture a snapshot of the conditions in an area. 
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6.1.4.2  Implications 

1. Mobile monitoring with the VAMMS can reliable data in impacted regions located far 

away from low-cost or regulatory air monitors and can assist in emergency response 

activities through a variety of applications including roadway visibility assessment, general 

situational awareness, spatial variability characterization of air quality conditions, and the 

identification of locations suitable for additional stationary monitoring.  

2. In general, this work highlights the value of using portable sensor technologies to address 

some of the monitoring challenges presented by dynamic wildland fire conditions, such as 

capturing episodic and high concentrations of PM in remote areas with complex terrain.  

3. The deployment of temporary stationary monitors may not be as convenient as mobile 

monitoring with the VAMMS (due to the need for careful site selection and the time 

required for deployment and retrieval), but the added temporal information can be helpful 

for understanding quickly changing and dynamic smoke conditions. Further, if the fire and 

impacted area are small, only a few monitors may be sufficient to map and create a 

timelapse of the plume, which may help to inform and evaluate fine-scale plume modelling 

efforts.  

6.2 Overarching conclusions 

Though the findings from each chapter are mostly self-contained, once synthesized, there 

are unifying conclusions and lessons learned that address the major research themes of this 

dissertation.  Through the three cases studies, this work demonstrates the potential value, uses, and 

limitations of portable and low-cost sensor technologies. As a caveat, given the wide range in 

potential technologies and field deployment conditions, it is not possible to fully generalize our 

findings to other low cost and portable sensors deployed in different area and under different 

conditions.  

Nonetheless, evidence from this dissertation emphasizes that low cost and portable 

technologies are most useful when they are carefully selected and calibrated for a single purpose 

and location, for which the environmental and pollutant conditions are at least partially 

characterized. We found that detailed information about nearby sources and their diurnal emission 

patterns, ambient meteorological data, and a familiarity with air pollutant chemistry, transport, and 

co-emission behavior were helpful when qualitatively assessing sensor performance in a region 

where quantitative assessment was not an option. Aligned with this finding, we found that low-

cost and portable sensor measurements were least effective when used in isolation. This made it 

more difficult to distinguish between real findings and measurement or modelling artifacts. Our 

ability to assess data quality was improved when either paired with other surface sensors (e.g., gas, 

particle, and meteorological sensors) or compared to other data sources (e.g., data from a nearby 
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network, satellite or model products, and literature measurements made under similar conditions). 

In a practical sense, the remoteness of our deployment locations (i.e., dozens of kilometers from 

urban centers and tens of thousands of kilometers away from us) made it more difficult to assess 

the status of the equipment, identify issues and repair them.  

Initially, this finding seems difficult to reconcile with given that one of the main 

motivations for using low cost and portable sensor technologies is to collect data in remote 

environments without other data sources. On the contrary, it only emphasizes the need for creative, 

robust, and study-specific data quality assurance plans. One major challenge and barrier to using 

low cost and portable sensors is the general lack of uniformity that exists to calibrating and 

evaluating them. Findings from this work suggest that this may not (yet) be a reasonable 

expectation for commercially available portable and low-cost sensors. Given that the potential 

applications are so diverse, the methodologies used to evaluate and ensure data quality will also 

need to be varied and case specific. This ultimately implies that many, if not most, of these 

technologies are not presently suitable for use and interpretation by the general public, particularly 

in regions where other data sources are limited.  

Going forward, manufacturers, researchers, policymakers, and consumers are expected to 

continue to develop and use these tools - likely at an accelerating pace ï oftentimes without regard 

for data quality. Continued disregard for data quality could eventually lead to a loss of credibility, 

causing the use of these technologies to fall out of popular practice. Given this reality, it remains 

a priority for these invested groups to continue to interact with one another to create and define 

expectations, guidelines, and even legal policies. In this way, the utility  and reliability of these 

technologies can steadily improve.  

6.3 Future research directions 

In addressing the questions and objectives of each chapter, future areas of research were 

identified. Our pilot deployment of ambient air quality sensor packages to Malawi illuminated the 

pressing need for a way to quantitatively calibrate and evaluate sensor measurements in Sub-

Saharan Africa.  Researchers continue to create computational methods to ease the burden of 

individually calibrating instruments in a monitoring network, but the accuracy and 

representativeness of the data collected would be dramatically improved by the addition of a few 

regionally located FRM/FEM instruments. Fortunately, there are organizations working toward 

this goal. For example, AfriqAir (https://www.cmu.edu/epp/afriqair/), a collaboration of multiple 

universities and institutions, established and has supported a hybrid low-cost and reference grade 

air quality monitoring network in 11 countries in Africa since June 2020 (Giordano and Jaramillo, 

2021). Ideally, as they grow, they will  continue to develop procedures and include options for 

external organizations and entities to use the equipment. This could dramatically expand and 

diversify who has access to air quality information throughout the sub-continent, with the aim of 
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supporting local air quality researchers and in-country agencies and universities. New global 

partnerships and projects, such as The Clean Air Monitoring and Solutions Network 

(https://camsnet.org/), are supporting this goal by creating an international ñnetwork of networksò 

to facilitate the exchange of knowledge and data. At the same time, OpenAQ, an environmental 

nonprofit, has worked to aggregate and provide free open-source data from this type of networks, 

and is currently reporting real-time PM2.5 data from dozens of sensors and monitors across SSA 

(https://explore.openaq.org/). The augmentation of this type of technical and human resource 

network may make remote and rural air quality monitoring and reporting much more feasible and 

successful in the long-term. 

Our emissions measurement campaign highlighted the need for additional representative 

measurements of the many types and sizes of less-studied industry kilns throughout the region but 

largely indicated that there is sufficient cookstove emission data available in the literature of 

baseline technologies for the purposes of emission inventories. Presently, emissions inventories 

are primarily hindered by insufficient activity data rather than emissions factor measurements. 

While both can eventually improve total emissions measurements, studies on activity data seem to 

be lagging in comparison to studies on emissions data. Additional cookstove measurements are 

not necessarily warranted as differences between and within studies are most likely explained by 

source of variability that may be better characterized and parameterized in a lab or partially 

controlled field environment. These sources of variability (e.g., fuel condition and moisture, 

refueling practices of the cook, etc.) have been observed to influence whether a particular stove is 

able to reduce emissions compared to traditional stoves. By extension, these factors may also 

contribute to whether a cookstove intervention appears to be successful. The calculation of carbon 

credit and offset programs, which have been implicated for being overly generous in their 

estimated impact (Wiehl et al., 2023), could be improved by better accounting for the impact that 

sources of variation (i.e., frequency of use, behavior of cook, fuel quality and moisture, etc.) have 

on a given stoveôs emission and fuel reduction capabilities.  

Finally, during our assessment of the U.S. EPA mobile monitoring system for wildfire 

impacted areas, we identified a need to increase functionality (such as incorporating a real-time 

indicator display on the external case) and improve user access to data processing and visualization 

tools, such as allowing users to apply data quality assurance steps and select specific time periods 

and/or locations for further analysis. The mobile monitoring system also creates a unique method 

to characterize smoke plumes in regions with steep and complex terrain. Where it would not be 

feasible to deploy a temporary stationary network, mobile monitors can be easily driven along 

roadways located along mountain passageways capturing the impact of elevation on pollutant 

concentrations. Further, mobile monitoring could potentially be used to improve our ability to 

model smoke dispersion over fine spatial scales. For example, mobile monitoring can be used 

downwind of a large, prescribed burn to characterize and identify impacts and spatial changes over 
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a larger area than is presently possible with the permanent, or even a temporary, stationary 

network. Controlled burns provide an ideal experiment matrix to evaluate predictions from 

modeling tools as they typically already require burn managers to run multiple smoke dispersion 

models (e.g., Bluesky and/or HYSPLIT, VSMOKE, etc.) to estimate impacts.  
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Appendix A : Supplementary material for Chapter 2 

A.1: Details of instrumentation 

The ARISense sensor package is shown in Figure A.1; see Cross et al. (2017) for full 

description. Version 2.0 added a GSM cell module and replaced the Ox-B421 with the Ox-B431 

sensor (Alphasense Ltd., UK). The ARISense sensor packages used AC or DC power and drew 3 

ï 4 W on average. In rural Malawi, units relied on a DC power system of four 9-Watt solar panels 

and four 12,000mAh rechargeable batteries; batteries were in a separate weather-proofed housing 

with a single bus connected to the ARISense unit. Raw data were sampled every 60 seconds, 

integrated, and stored as daily data files on an internal USB drive. During deployment in Malawi, 

data files were periodically sent via email or uploaded to a shared Google Drive by an on-site local 

assistant using an Android phone. 

      

Figure A.1: Image of ARISense (Version 1.0) interior (left), including integrated circuit board and internal 
data logging system. Image of ARISense in deployment setting (right) with solar panel power system 
mounted at Village 2 site in Mulanje, Malawi.   

The MicroPEM uses proprietary software to provide real-time mass concentration 

estimates from the nephelometer. We did not apply any correction factors and the internal slope 

was set to 1. The filters were equilibrated in a climate-controlled weighing chamber for 24 hours 

(22 ± 2 °C, 35 ± 2.5 % RH) and charge neutralized with Polonium and electrostatic ionization 

sources prior to pre  and post weighing on an ultramicrobalance (Mettler Toledo UMX-2, 0.1 µg 

readability). Field handling blanks (N= 3) were collected in Malawi and were used to correct the 

gravimetric PM2.5 concentrations. During field data collection, the filters were stored in sealed 

containers and were wrapped in foil to minimize exposure to light. The filters were stored in a 

refrigerator while in Malawi (when possible) and in the freezer after returning to the U.S. While 
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in transit, the filters were at ambient temperature. The field blank corrected gravimetric filter mass 

concentrations were used to post correct the optical nephelometer readings. 

A.2: Details of pre-collocation in North Carolina 

This study was conducted in 2017, before any standardized protocols were developed. The 

variable collocation periods used in this study were constrained by equipment malfunction, limited 

field personnel in Malawi, and international travel timelines. Recent U.S. EPA guidelines for 

supplemental air sensor performance assessment suggest 1) a minimum of 30 days (720 hours) of 

collocation, 2) two collocations during two different climatic seasons OR at two different sites, 3) 

a 24-hour averaging interval for the sensor and reference data, and 4) a 75% data completeness 

requirement (Duvall et al., 2021a, b). 

 

Figure A.2: Image of ARISense and reference instrumentation (left) at the Triple Oak monitoring site 
(right), North Carolina, USA. Image source: Google Earth Version 9.143.0.0 (May 1, 2018). NC 
Collocation Site, Durham, NC, 27560 USA.  35.865°N, 78.820°W. Borders and labels; places layer. 
Accessed: August 19, 2021. © Google Earth 2021. NC DEQ data available from: 
https://xapps.ncdenr.org/aq/ambient/AmbtSiteEnvista.jsp?site=371830021 
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A.3: Description of assessment metrics and target values 

Table A-1: U.S. EPA recommended performance metrics and target values for low-cost gas (ozone) and 
particle sensor evaluation. Adapted from Tables ES-2 (Duvall et al., 2021a, b). ppbv = parts per billion by 
volume. 

Performance Metric   O3 Target Value PM2.5 Target Value 

Precision Standard deviation (SD) OR Ò 5 ppbv Ò 5 Õg m-3 

  Coefficient of Variation (cV) Ò 30% Ò 30% 

Bias Slope (m)  1.0 ± 0.2 1.0 ± 0.35 

  Intercept (b) -5 Ò b Ò 5 ppbv -5 Ò b Ò 5 Õg m-3 

Linearity Coefficient of Determination (R2) Ó 0.80 Ó 0.70 

Error Root Mean Square Error (RMSE) Ò 5 ppbv RMSE Ò 7 Õg m-3 or 

NRMSE Ò 30% 

 

The Coefficient of Determination (R2) was used to assess linearity. For n measurements,  

 

Ὑ ρ
В ȟ ȟ

В ȟ

   (1) 

 

where ὧ ȟ is the concentration as measured by the ARISense monitor, ὧ ȟ is the 

corresponding concentration measured by the reference instrument, and  

 

ῳὧ ȟ  ὧ ȟ В ὧ ȟ    (2) 

 

The error in the ARISense measurements compared to the reference measurements was 

assessed using the Root Mean Square Error (RMSE): 

ὙὓὛὉ
В ȟ ȟ

    (3) 
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To assess precision, the Coefficient of Variation (cV) was used:  

 

ὧὠ

В
ȟ  

В ȟ

      (4) 

 

where 

ῳὧ ȟ  ὧ ȟ В ὧ ȟ   (5) 

 

To assess bias, we fit a linear regression model using the reference measurements as the 

independent variable or ótrueô concentration and the ARISense measurements as the dependent 

variable or óestimatedô concentration and calculated the slope and intercept:  

 

ὧ  ά ὧz ȟ ὦ    (6) 

 

where ά is the slope and ὦ is the y-intercept.  

For OPC-N2 measurements, prediction intervals were calculated for mean 1-hr averaged 

RH-corrected ambient PM2.5 concentration measurements for each ARISense OPC-N2 using 

collocation data from ARI023 (Table 2-2) collected at the Village 2 site (Fig. 2.1d).  Prediction 

intervals are a useful predictor to interpret future optical particle sensor readings collected after 

the evaluation period (Bean, 2021). We surmise statistical prediction intervals based off the 

collocation data of ARI023 can be used to interpret the 2017 ARISense data sets for the following 

reasons: a) we observed highly similar responses from the Alphasense OPC-N2 units in ARI013, 

ARI014, and ARI015 during pre-collocation in NC (R2 > 0.9), b) this is the best-available in situ 

collocation data for our specific deployment conditions and source aerosol, and c) we only aimed 

to report low confidence level (1-sigma) prediction intervals with our measurements. Further, 

several studies have reported high OPC-N2 inter-unit agreement with a cV around 0.2 (Bulot et 

al., 2019; Crilley et al., 2018; Badura et al., 2018), although some review studies have shown low 

repeatability and reproducibility across Alphasense OPC-N2 units (Rai et al., 2017). 
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To estimate the interval for mean hourly averaged OPC-N2 measurements, we applied a 

Box-Cox transformation (Box and Cox, 1964) to a linear regression model using the ARI023 

MicroPEM measurements as ὧ ȟ and the OPC-N2 measurements as ὧ  to obtain an error 

term in the linear regression model independent of ὧ  and normally distributed, with zero mean 

and constant variance (Fig. A.3b):  

 

ὧ ‗  ὧ ρȾ‗     (7) 

 

where ‗ = -0.14. Interval estimates for mean hourly OPC-N2 measurements were 

calculated as prediction intervals:  

 

ὧ ‗ ὸ ȟ
В ὧ ȟ ὧ ȟ ᶻρ  

В ȟͮ  
  (8) 

 

where t is the t-statistic value for a given level of significance Ŭ.  
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Figure A.3: RH-corrected OPC-N2 PM2.5 mass concentration (1-hr avg.) linear model residuals and fit 
range. Residuals = difference between OPC-N2 and MicroPEM measurements; (a) raw data, and (b) box-
cox transformed data with outliers occurring from 3-6 AM local time (the morning cooking period) 
excluded. Original R Code (Bean, 2021). 

(a) 

 
(b) 
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The prediction intervals were reverse-transformed and used to estimate the range of mean 

hourly ὧ  measurements. Outlying observations occurring between 3-6 AM were excluded 

for the fit to converge due to high ambient RH conditions (> 70%) coinciding with periods of fresh, 

biomass emissions from nearby morning cooking activity (Fig. A.4). The analysis was completed 

in R (version 3.6.0) using RStudio (version 1.2.5042) with MASS (version 7.3-51.4) and ggplot2 

(version 3.3.2) libraries.  

 

 

Figure A.4: Alphasense OPC-N2 RH-corrected PM2.5 mass concentration versus MicroPEM PM2.5 

concentration data used for the linear model; Fit line shown in blue, grey shaded area indicating 68% 
confidence interval in slope; Dotted red lines indicate 68% prediction interval upper and lower limits 
calculated from the linear model.  Data are 60-min averaged. Data collected from 3-6 AM (morning cooking 
periods) were removed for the fit to converge. Original R Code (Bean, 2021). 
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A.4: Satellite images of Malawi deployment sites 

 

Figure A.5: Satellite image of Mulanje ñVillageò sites (1 mile scale), blue markers indicate ARISense 
monitoring sites. Image source: Google Earth Pro Version 7.3.4.8248. Mulanje, Malawi. Borders and labels 
layer. Accessed: June 5, 2020. © Google Earth 2021. 

 

Figure A.6: Satellite image of ñUniversityò (1000ft scale), blue markers indicate low-cost monitoring sites. 
ARI015 was deployed to the University site and was mounted on the roof of an office building (7 m above 
ground) at the Bunda College of Agriculture in the Lilongwe University of Agricultural and Natural 




































































































































































