ABSTRACT

BITTNER, ASHLEY SARAH. FieldEvaluation ofAir Quality Sensors inAmbient andNear
SourceBiomassBurning 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). &ons 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 gldiiamass 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. Insénisimust 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 €uipment 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 loimcome countries, as a resulany 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 -andtlaw quality
sensors. These technologimay 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 durabiligreitd/gy
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 perdmce of portable and lewost 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 temporaryrdient air quality monitoring network across central and southern
Malawi, 2) the characterization of emissions from traditional household andsrakdlindustry
sources typical in rural Africa, and 3) the evaluation of a mobile monitoring system totehaea
air quality conditions in several US locations impacted by wildland fire.

The results suggest that portable and-tmst sensor measurements are most reliable when
the deployment environment is identical, or highly similar, to the environmentiasedibrate
and evaluate the sensor. The first case study revealed thaelomgambient measurements made
in deployment environments different from the assessment environment can be unreliable and



difficult to interpret, especially in locations withistinct 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 anohdustry biomass combustion sourceshbme measurements were
comparable to literature measurements of similar sources and measurement uncertainty was small
compared to intesample variation. Further, in the final case study, calibrated mobile
measuremas in wildfireimpacted 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 retime, actionable information on smoke conditions. @llgthe findings of

this research support the use of portable anddast technologies for spatially and temporally
diverse applications, while reinforcing the need for proper evaluation and calibration. This work
provides templates for methodologiesetaluate such sensors while highlighting the need for
additional research aimed at finding consistent methodologies to improve theitetong
reliability and functionality.
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OPGN2 (ARI023) compared to the massrrected MicroPEM nephelometer during collocation

in Malawi. The number of data points in all three scenarios are identical, but the assumed kappa
value, applied asgrt of an RHcorrection algorithm, is different. This R¢brrection algorithm is

based on the kappa v adfsu Araonia et@&ls2018)f In thisxcgsé, the he b
assumed density is held const aimsthe enpiricdl valua e k ap
which achieved the best agreement between anP&nhd reference data in the UK (Di Antonio
(2018)) . 8 = 1 indicates an aerosol mi xture v
value, based on Petters & Kreidenweis (2007. @ = 0. 15 was reported tc
value for Africa, based on Pringle et al, 2010 and Pope at. al, 2018 (modelled and observed). Data
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are 60min averaged. R= Coefficient of Determination, cV = Coefficient of Variation, RMSE =
ROOt MEAN SQUAIE ETON.... ..ttt eeee ettt s 172

Table A-10: Performance metrics of PM2.5 mass concentration measurements tfire
Alphasense OP®I2 (ARI023) compared to the massrrected 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-Rétrection algorithm, andhé assumed density is different

ineach. ThsRFHt orrecti on algorithm is based -offs t he Kk
(Di Antonio, et al. 2018)Species datas(and density) based on Hagan & Kroll (2020) & Petters

& Kreidenweis (2007). Data are 60in averaged. R= Coefficient of Determination, cV =

Table A-11: ARIO13 postcollocation performance metrics for each gas sensor calibrated by the
five modelling approaches used in this stucindaresmneighbor (KNN) hybrid, random forest

(RF) hybrid, highdimensional model representation (HDMR), niitiear regression (MLR), and
guadratic regression (QR). CO = carbon monoxide, NO = nitrogen oxides Ni@ogen dioxide,

Ox = oxidants. R= Coefficiert of Determination, cV = Coefficient of Variation, RMSE = Root
Mean Square Error, Slope and Intercept are the fit regression coefficients from simple linear
[0 (=SS [ PP PPPURR 186

Table A-12. ARI014 postcollocation performance metrics for each gas sensor calibrated by the
five modelling approaches used in this stucindarest neighbor (KkNN) hybridandom forest

(RF) hybrid, highdimensional model representation (HDMR), miitiear regression (MLR), and
guadratic regression (QR). CO = carbon monoxide, NO = nitrogen oxide, NO2 = nitrogen dioxide,
Ox = oxidants. R2 = Coefficient of Determination, c\Ceefficient of Variation, RMSE = Root
Mean Square Error, Slope and Intercept are the fit regression coefficients from simple linear
LT0 [ £STT] 0] o PP PP P TP 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 22@08). The hour of day
indicates the hours past MidnNight..............oiiiiii e e 200

Table C-1: Summary of experimental methods for each industrisgon 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 upwand downwind of the source during the combustion
period using OARI Sensed and MicroPEM instrume
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 alcohall2

Table C-3: Summay of experimental data fired clay kiln test. BRK = brick kiln, CMK = chitetezo
mbaula Kiln, (ESt) = @SHIMALE..........eeieiiie e e e e e e e e e e e e e e aneen s 212

Table C-4: Summary of wood species used during earth mound (EM) charcoal kiln.tes$3
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
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efficiency or carbonization rate of thk@n, 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 branepbyducts, Cliquids% is the fraction of wood
carban partitioned to liquid lyproducts, and Cgases % is the fraction of wood carbon partitioned

to atmospheric products. Some studies, including ours, opt to combine the brands and liquids into
(o] a3 o) 0] foo B Tot A 0= 11 =Te o] VAPPSO P PPPTPP 215

Table C-6: Ratio of methane (CH4) and nomethane organic carbon (NMOC) to carbon
monoxide (CO) emissions from five literature sogtcEhe 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 = tetspended particles, TNMOC = total rmethane
organic carbon, OC = organic carbon, EC = elemental carbon, and BC = black carbon, BB EIl =
biomass burning emission inventory, African ElI = African emission inventory. The values are
presented as the meantarsdard deviation.................ooooviiiiiicee e 217

Table C-8: Charcoal kiln emission factors from literature sourcesthisdstudy, given in units of

grams pollutant per kilogram of charcoal produced. MCE = modified combustion efficiency (%),
CQOz = carbon dioxide, CO = carbon monoxide, GHmethaneT SP = t ot al suspend
TNMOC = normethane organiccarbdd,B £l bi omass burning emission
are pr esentwesthndarddeviatioa (omeeeticient of variation in the case of Smith et

o IS T ) TSR UUPSSPPPS 218

Table D-1: Performance statistics from the five PurpleAir (corrected with Holder et al. (2020)
smokecorrection) compared to the FEM BALMD22 monitor at the Oakridge AQMS. Data were

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

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

Table D-2: GPS coordinates, ID number, name, N = number of data poimsn(2veraged)
during which VAMMS passed within range, and mean distance from the VAMMS (in meters) for
those passages for each of the twesglyen PurpleAirensors 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 ledite is also given..............ccccoveeiiiiiieeen i, 230

Table D-4: Summary statistics for large chamber performance evaluatiVMMS. R? is the
coefficient of determination, RMSE is root mean square error, and NRMSE is normali2ad.
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2 site, ARIO14 to the Village lite, and ARIO15 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
extendbeyond the NC collocation distributions indicate regimes where the calibration models
must extrapolate to estimate pollutant concentrations. These regions are indicated by overlaid
mar kers 6x6 and o6+6 .and..ar.e..di.s.c.us.s.ed...Bn t he

Figure 2.6 Diurnal trends of calibrated gas measurements (rows) at each site (columns) in the
three deployment enanments. 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 10Cal tIME.........eeiiiiie e e e eeeee 28

Figure 2.7 Diurnal trends of the integrated mean PM2.5 mass concentration measured by the
OPGN2 in each ARISensd aach deployment site (left axis) and the annual relative humidity at

the Village 2 site (right axis). Error bars r
the hourly mean value. The red text annotation indicates the upper limit of thgeVillprediction

interval at 6 AM (beyond the range of showaxis). Thick lines indicate hourly mean and shaded

regions indicate iNterquartile raNQE. ... 31

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

(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 percentiedline 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 averagdR1014 (Village 1) and ARIO13 (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 satellte measurement; MERRACO Surface Concentration
ENSEMBLE) s a global reanalysiS Product.............ccoooiiiiiiiociiieeee s 33

Figure 3.1: Timeline of ARISense deployments from July 2017ty 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 sh&lan indicator of data completeness where lighter colors
mean less data in that month. Gas & Met = gas and meteorological sensor data, Particle = OPC
[N D20 N 1 o - | = 47

Figure 3.2: Scatter plots of the ORN3 in ARI023, ARI031, and ARIO33 compared to each other
during the collocation in NC. The data arénrlaveraged (N=150). The linear regression fit
coefficients (y = mx + b) where m = slope and b = intercept, and the coeffitideteomination
(R?) are given. The coefficient of variation across all three sensors is given as the. CV..49

Figure 3.3 PM.sconcentration measured by the ORG instruments and the Teledyne T640.
Data are a) -hr averaged and b) 24 aveaged. Grey points are uncorrected data and points
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Figure 3.4 Monthly mean temperature (°C) at the four monitoring sites in Malawi for the full
deployment period. Thehaded boxes indicate the 95% confidence interval in the mean. No
requirement was set for data completeness in this figure............cccoooeiiiceeicccceieee e, 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
| east 75% c ompsenstthe houréipgdst midn@ht.r...e.p.r..€....ccceeeeeernnnnnn 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
AT o011 0] L] (=P OPUP 55

Figure 3.7: Diurnal trend of PMsand CO for all four sites for the full monitoring period. The
data were hourly a/r aged and required to be 75% compl et
010 1o ] o | SO TP PP PP PPPPPPPPPRRPP 56

Figure 3.8 Diurnal trend of NO, N@and Q 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%
compl ete. fAHouro repres.ent.s..t.he..ho.wur.s..prast mi

Figure 3.9 Monthly trends of Pisand CO concentration at all four monitoring sites for the full
monitoring period. Data were hourly averaged and required to be at least 75% complet

Figure 3.1Q Diurnal trends of Pi¥lsand CO concentration at all four monitoring sites for each of
the four seasonat a were hourly averaged and requirec
represents the hours past MidNigNL..............oo 61

Figure 3.11 Timeseries of Pismass concentration measured by the @O0n ARIO15 at the
Uni versity sitencedbd —amd oBIGce 6 mddk g-ofvalued 6, as
Of the CO_WE/BINO FALIO.......uuueiiieieie e eeee s ceeeie e e e ettt mnme e e e e e e e eeeeeeaanaa s smmmnennnnned 63

Figure 3.12 (Top) Diurnal patterns of CO concentration (right axis, solid line) and Bin O counts
(left axis, dashed lined) at all sites. Tdneerage 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, dashd 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, entagls, and emission sources

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

Mud = mud stove®Sources where nearby air pollutant concentrations were measured in a
6fencelined conf i gulyamissions measurensedis (see iSection 2.50on p r i
sampling Methodology)-.........oooiiiiiiiiierer e eeee e e e e e e e s smmmeeeeeeeeeee L

Figure 4.2 Carbon monoxide (CO) and (b) BMemission factors in units of grams pollutant per
kilogram of fuel burned for the threstone fire (TSF), mud stove (MUD), actitetezo mbaula
(CM) cookstove groups. (c) Ratio of black carbon (BC) to. Pfdr each cookstove group. The
number in parenthesindicates N tests. The box shows th# &575" percentile, the median is
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show as the horizontal bar, the mean as a diamond, and the whiskers represéhatite AP
percentiles. For comparison, literature values are shown in each panel as Cifidre/éa 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 indib&testandard deviation (where available).
TSF3 shows the range observed............cciiieeeeceeeeeeeee e D

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 kieng (BR/CMK). EFs are

reported in units of in g pollutant per kg fuel wob®¥1. 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 whiskergpresent 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)............oooo e 81

Figure 4.4 Boxplots of (top) CO/C@and (bottom) PM/Ceratios as measured by the ARISense
and STEMS from the fired clay kilns (BR/CMK) and the charcoal kilns (EM). The box indicates
the 29" and 79" percetiles, the whiskers indicate th@%2nd 98' percentiles, and the mean is
shown as a black diamond. Data points are shown as open grey circles..................cce.. 89

Figure 5.1 Timeseries of VAMMS (dmin) and corrected nephelometem(ln), smokecorrected
PurpleAir (18min), and BAM 1022 (66nin) measurements at the Oakridge air quality monitoring
station during the Cedar Creek fire. Data from the nephelometer and PurpleAipare afhly
when the VAMMS was within 100 m of the inStruments............ccceeeevveveeeeee e 106

Figure 5.2: Satellite map and driving route showing the Oakridge, OR region, corresponding to
Fig 1a. VAMMS (Emin) data are shown as colored circles. Pin markers show thefccaf
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. Bordéalaeld layer. Accessed:
February 9, 20230 Google Earth 2023.........cccoiiiiiiiiiieeieeeiie e eeee e 107

Figure 5.3: Map of VAMMS measurement locations (a) for the entire deployment period during
the Monument Fire and (lmn 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 R¥toncentration. VAMMS and PurpleAir data arenih
averaged, while the regulatory air quality monitoring station (AQMS) data-bhreateraged.
PurpleAir and AQMS data are shown at the time of the passing by. The botdeMddnument

Fire on 08/11/2021 is shown in red (infrared map, source: Inciweb). Image source: Google Earth
Pro Version 7.3.4.8248. Shastanity County, USA. Accessed: April 19, 2028.Google Earth

Figure 5.4 Scatter plot othe mobile VAMMS compared to (a) the stationary nephelometer at the
Oakridge, OR air quality monitoring station and (b) stationary, @oeess PurpleAir (N=27)
network in the Shasta Trinity County, CA area. The VAMMS was within 100 m of the stationary
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site for (a) and within 1500 m for (b). Linear regression coefficients are given asy = mx + b, where
m is slope and b is intercept? R coefficient of determination, NRMSE = normalized root mean
square error, N = number of data points. These data weretedllbetween Sep 24 and Oct 15,
2022 during the Cedar Creek WIlAfife...........uuiiiiiiiiii e 110

Figure 5.5: Map of VAMMS (10-s) and PurpleAir (maximum value) measurements during the
consecutive prescribed burning of threac3e plots. Data are colored by (a) GPS height and (b)
PMz sconcentration. The primary wind direction during the burns and the burned #nealuiee

plots (red polygons) is shown on panel (a). These data were collected from 16:05 to 19:45 UTC
on 202109-15 in Manhattan, Kansas. Image source: Google Earth Pro Version 7.3.4.8248. Konza
Prairie Biological Research Station, USA. Accessed: A®l2023© Google Earth 2023.111

Figure 5.6: Box plots of the PMsconcentration from the nephelometer at the Oakridge, OR air
guality monitoring station (left) during variable (top) and stable (bottom) conditions. The percent
error of tre nephelometer concentration measurement compared téhthradan 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 #%nd 2%' 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
117710 111 114

Figure A.1: Image of ARISense (Version 1.0) interior (left), includintggrated 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...............cccoovvveeeeieeeeeennnn, 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 US26.865°N, 78.820°W. Borders aladels; places
layer. Accessed: August 19, 202®. Google Earth 2021NC DEQ data available from:
https://xapps.ncdenr.org/ag/ambient/AmbtSiteEnvista.jsp?site=371830021................. 153

Figure A.3: RH-corrected OPEN2 PMesmass concentration {ir avg.) linear model residuals
and fit range. Residuals = difference between @R2Cand MicroPEMmeasurements; (a) raw
data, and (b) bekox transformed data with outliers occurring fror® AM local time (the
morning cooking period) excluded. Original R Code (Bean, 2Q21)........c.cccccvvvvvviemmnennn.. 157

Figure A.4: Alphasense OP®GI2 RH-corrected PMs mass concentration versus MicroPEM
PMa s concentration data used for the linear model; Fit line shown in blue,stpejed area
indicating 68% confidence interval in slope; Dotted red lines indicate 68% prediction interval
upper and lower limits calculated from the linear model. Data amiB@veraged. Data collected
from 3-6 AM (morning cooking periods) were removied the fit to converge. Original R Code
(212 L TR0 12 1 TR TP TTOPPPPRP 158
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Figure A.5: Satellite image of Mulaej A Vi | | ageo sites (1 mile sc
ARISense monitoring sites. Image source: Google Earth Pro Version 7.3.4Md&Bhje,
Malawi. Borders and labels layer. Accessed: June 5, 20ZBoogle Earth 2021................ 159

Figure A6: Sat el l ite i mage of AUni ver sityo-cogtl1000ft
monitoring sites. ARIO15 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 Resources near Lilongwe, Malawi &2 8ays from 25 June 2017 to

13 July 2018. Image source: Google Earth Pro Version 7.3.4.82&&re for Agricultural

Research, Lilongwe University of Agriculture and Natural Resources, Bunda, Maad&0°S,

33.774°E, eye elevation 1125 m. Borders atels layer. Accessed: June 5, 2@ &Google Earth

Figure A.7: Scatter plot of Village2 (y-axis) and Village 1 (3axis) monthly mean CO
concentration (calibrated with the kNN Hybrid model). A -@a®ne line is shown as the dotted
o] F= Lo S 11 = P SOUS 160

Figure A.8: Scatter plot of University faxis) and Village Mean (average from Village 1 and 2)
(x-axis) monthly mean CO concentration (calibrated with the kNN Hybrid model). Acemee
line is shown as the dotted black lNe..............ooooiiiiiiiccc e 161

Figure A.9: Scatter plots of raw differential voltagkata from each gas sensor (rows) in each
monitor pair (columns) during pollocation in NC. Linear fit coefficients (y = mx + b) and the
Coefficient of Determination (B are shown for each monitamonitor gas sensor pair. Data points
are colored by am®nt teMPEratUre............uiiiiie e ceeeicc et eene e e e e e e e e e 163

Figure A.10: Intercomparison of (a) ARIO13 and ARIO15 PM mass concentration
measurements, (b) ARI013 and ARIO15 Rvhass concentration measurements, and (c) ARI014
and ARIO15 PMs mass concentration measurements duringcphecation in NC. Point color
indicates relative humidity conditions. Linear regresstoefficients (y = mx + b), fit line (red
line), and the Coefficient of Determination?jRure shown for each paired comparison; A one to
one comparison line is shown as the dotted blackTihe time series of Ph mass concentration
measurements froMRI1013, ARI014, and ARIO15 (d) shows time alignment. Line color indicates
ARISENSE UNIt NUMDEL. ...ttt e eeeea s e e e e e e e e e et e eeaebnnneeeeeeeeees 167

Figure A.11: Scatter plots of uncorrected B¥mass concentration measurements from the
Alphasense OPGI2 sensor in ARI023 compared to measurements made by thecaressted
MicroPEM nephelometer during collocation in Malawi for Test 1 (a), Teb),2afid Test 3 (c).
Three tests were conducted over 130 hours. Point color indicates relative humidity conditions.
Linear regression coefficients (y = mx + b), fit line (red line), and the Coefficient of Determination
(R?) are shown for each pairedmparison; A one to one comparison line is shown as the dotted
o] F= Lo S 11 = S 168

Figure A.12 Scater plots of (a) uncorrected and (b) RHrrected PMs mass concentration
measurements from the Alphasense ENFCsensor in ARI023 compared to measurements made
by the masgorrected MicroPEM nephelometer during collocation in Malawn(t resolution).
Point color indicates relative humidity conditions. Linear regression coefficients (y = mx + b), fit

XX



line (red line), the Coefficient of Determination?jRroot mean square error (RMSE), and the
coefficient of variation (cV) are shown for each paired cangon; A one to one comparison line
is shown as the dotted bIack liNE............uiiiiiiiiiiiiccci 168

Figure A.13: Zoom OfFIQUIE S12R.........uuiiiiiiiiiiiiiii et 169

Figure A.14: Times series of ARIO23 uncorrected P&toncentration during colocation in
Malawi. Data are colored by wind dition. Spikes in the time series are associated with
widespread biomass cookstove use during the morni@gA[d). Cookstove activity was largely
associated With SOULNErY WINAS...........ooiiiiiiiiiirecee e e e e 170

Figure A.15: Relative humidity (RH) (left) and temperature (right) normalized frequency
histograms for the NC preolocation (grey) and Malawi deployment (color) enviramts for all

three ARISense monitors. ARIO13 was deployed to the Village 2 site, ARI014 to the Village 1
site, and ARIO15 to the University site. Histogram color indicates ARISense unit number in
deploymeNnt ENVIFONMENL. .........coe e e e e e e e e e e emem s 173

Figure A.16: Dew point (left) and pressure (right) normalized frequency histograms for the
collocation (grey) andeployment (color) environments for all three ARISense monitors. ARI013
was deployed to the Village 2 site, ARI014 to the Village 1 site, and ARIO15 to the University site.
Histogram color indicates ARISense unit number in deployment environment.............. 174

Figure A.17: Bivariate distributions of ARI014 N&lifferential voltage, RH, and T data collected
during collocation (blue) and deployment (orange) made using kernel density estimation. NC =
North Carolina, V1 = Village 1. Density is reflected in the color scheme; Darker colors indicate
more data points iN that FEQION...........uuiiiee e eeeer e e e e e anae 175

Figure A.18: Diurnal trends of calibrated ozone data from ARIO13 (Village 2 site) before Dec
2017 (left) and after Dec 20X8ght). Thick line indicates hourly mean, shaded region indicates
interquartile range. Midnight is the zero hour. Line color indicates model type. Hours are in local
L1101 PP PR PR 175

Figure A.19: Bivariate distributions of Qvoltage and temperature data collected during the first
half of deployment (JuMNovember 2017- orange) and in the second half oféptbyment
(December 201-duly 2018i blue) for each ARISense monitor using kernel density estimation.
Density is reflected in the color scheme; Darker colors indicate more data points in that region.

Figure A.20: ARISense temperature (flow cell and box), dew point, relative humidity, pressure
and flow rate normalized frequency histogramsttier 136hour OPGN2 collocation (ARI023 in
grey) in Malawi and the-Year deployment in Malawi (ARIO13 in green)..............c.c.uuu.... 177

Figure A.21: ARISense CO differential voltage, PM2.5 mass concentration, wind speed, and wind
direction normalized frequency histograms for the-h80Qr OPCN2 collocation (ARI023 in grey)
in Malawi and the dyear deployment in MalawARIO13 in green)...........cuvvvvvveiiieisieeennnns 178

Figure A.22 Data recovery rate (%) for theykar deployment for each ABRense monitor at their
respective sites; (a) shows data recovery by sensor type where CO = carbon monoxide, NO =
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nitric oxide, NO2 = nitrogen dioxide, Ox = oxidants, and OPC = Optical Particle Counter, (b)
shows data recovery by season (using the i@€rential voltage sensor data recovery rate) where
DJF = DecembedanuaryrFebruary, MAM = MarckhApril-May, JJA = Junduly-August, and
SON = SeptembeDCtODEFNOVEMDET.........oiiiiiiiiiiii e 179

Figure A.23: Timeseries of temperature data from ARIO15 (top), ARI014 (middle), and ARI013
(bottom) from the full lyear pilot deployment in Malawi. LUANAR = University, Makaula =

Village 1, and Mikundi = Village 2. Gaps in the timeseries indicate periods when tf&eAsd

were not collecting data. Text | abels indicat
to insufficient sol ar power i n the winter m
combination of corrupted USB devices which failed to dega, and a period of social unrest in

the southern region of the country which created unsafe conditions for our assistant to visit the
monitors; O6coll aborator visits for resetd indi
replace the USBlevices and update the firmware...............cooovviiiieee e 180

Figure A.24: Dew point (left), RH (center), and temperatyreght) normalized frequency
histograms from the first month of deployment (grey) and last month of deployment (colored) for
ARIO13, ARIO14, and ARIO15 at their respective deployment Sites............ccccvvvvieeennne. 181

Figure A.25: Bivariate distributions of data collected during the first month of deployment (July
2017) and data collected one year later in the last mdntlemoyment (July 2018) for each
ARISense monitor using kernel density estimation. Density is reflected in the color scheme;
Darker colors indicate more data points in that region............ccccovviiieece 182

Figure A.26: Diurnal trends of raw, uncalibrated voltage readings from July 2017 (left) and July
2018 (right), for each ARISense at each respective monitoring location. Thick line indicates hourly
mean, shaded region indicates interquartile range. Midnight is théaeroLine color indicates

1] 10 PR UPPPTRPPIN 183

Figure A.27: Diurnal trends of kNNhybrid model calibrat# concentration readings from July
2017 (left) and July 2018 (right), for each ARISense at each respective monitoring location. Thick
line indicates hourly mean, shaded region indicates interquartile range. Midnight is the zero hour.
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Figure A.28: Scatter plots of raw differential voltage data from each gas sensdRIBLA (y
axis) and ARIO13 (vaxis) measured during pestllocation in North Carolina. Linear fit
coefficients and the coefficient of determinatiorf)(Rre shown for each monitanonitor gas
sensor pair. Data points are colored by ambmmperature............cceevevviiiiiiieeeiiiiiiiieeen. 185

Figure A.29: Scatter plots of raw differential voltage data from each gas sen®dRI013 (y
axis) compared to reference dataagis) during postieployment collocation in North Carolina.

Figure A.30: Scatter plots of raw differential voltage data from each gas sensor in ARI014 (y
axis) compared to reference dataagis) during postieployment collocation in North Carolina.
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Figure A.31: Time series of raw Ng@differential voltage data from ARIO13 and ARI014, NO
reference data (black), and temperature (red) during-degpgoyment collocation in North
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Figure A.32: Time series of raw NO differential voltage data from ARI013 and ARI0O14 and NO
reference data (black) during paiployment collocation in North Carolina.................... 190

Figure A.33: Scatter plots of kNMalibrated data from each gas sensor in ARIOLax{g)
compared to reference datagxis) during postieployment collocation in North Carolina. Linear
regresion coefficients (y = mx + b), fit line (red line), the Coefficient of Determination (R2) are
shown for each paired comparison; A one to one comparison line is shown as the dotted black line.

Figure A.34: Scatter plots of kNMNalibrated data from each gas sensor in ARIOL4x{g)
compared to reference datagxis)during postdeployment collocation in North Carolina. Linear
regression coefficients (y = mx + b), fit line (red line), the Coefficient of Determinati®ra(
shown for each paired comparison; A one to one comparison line is shown as the dottéakeblack |

Figure B.1: Satellite map of the Air Innovation Research Site, U.S. EnvironmentalcRoote
Agency, Research Triangl e P almkgesobirt:GodgleEartls i t e
Version 9.143.0.0. Borders and labels; places layer. Accessed: August 19, 2021. © Google Earth

Figure B.2 ARISense (fleet 3) at the August 2019. The power recovery and storage system used
at the university sites (two 50W solar panatal 12V solar battery storage box) is also visible.
Condensation inside the solar sensor on the top of the box was observed during this. i88od.

Figure B.3: Timeseries of relative humidity and BMtoncentration during the collocation period.
ARISense data are shown in color, and reference data are shown in grey (GRIMM EDM180) and
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Figure B.4: Scatter plot of the Phbtconcentration measured by the GRIMM EDM vsTe&edyne

API T640 during the collocation period. Data arbrlaveraged and colored by relative humidity
conditions. Linear regression coefficients and fit line are given as y = mx + b where m=slope and
b=intercept. The coefficient of determination is gives K. A oneto-one line is shown as a black
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Figure B.5: Box plots of thr averaged Plkconcentration from both FEM instruments and the

three ARISense during the colkion period. Data points are shown as open circle, outliers as
closed circles, and far outliers as closed squares. The mean is shown as black circle and the mean
value is given alongside each box. The median is shown as a line, the top and bottonoxf the b
shown the interquartile range, and the whiskers shown the minimum and maximum values.
Uncorrected ARISense data are shown in the middle, anddridcted data are shown to the right.
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Figure B.6: Images of ARISense deployed at University 2 site on top of an academic building at
the Malawi University of Business and Applied Science in Blantytalawi. Images taken in
AUGUSTE 2000 ..ot rnme e e e et e et e e e e et nmanr e e e e e e a e ea e ae 197

Figure B.7: Satellite map of the University 2 site and surrounding dneage source: Google
Earth Version 9.143.0.0 Borders and labels; places layer. Accessed: May 31, 2023. © Google Earth
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Figure B.8: Monthly temperature and precipitation trends in Malawi. Image source: World Bank
Group, Climate Change Knowledge Portal,
https://climateknowledgepa@ttworldbank.org/country/malawi/, last accessed May 31, 2023. ©
2021 The WOorld BanK GrOUR-........ooiiiiiiiiiiiiiieeess i eeer s e e e e e e e e e e e e e e s eemns 199

Figure C.1: Satellite map showing the study region: two nearby villages, Makaula (Village 1) and
Mikundi (Village 2), in the southern Mulanje District of Malawi. (a) Malawi is in seedistern
Africa. Image source: Google Earth Pro Version 7.3.4.8248. Myl&ftalawi. Borders and labels
layer. Accessed: February 3, 20€8Google Earth 2023............eiiiiiiiiiiii e 201

Figure C.2: Satellite map showing the study region: two nearby villages, Makaula (Village 1) and
Mikundi (Village 2), in the southern Mulanje District of Malawi. The approximate locations where
some charcoal, brick, and alcolppbduction emissions measurements took place are shown using
icons and labels. Google Earth Pro Version 7.3.4.8248. Mulanje, Malawi. Borders and labels layer.
Accessed: February 3, 20Z3.Google Earth 2023..............cooiiiiiiiiiiiieee e 202

Figure C.3: (a) Three stone fire (TSF), (b) chitetezo mbaula (CM), (c) multiple opening improved
MU STOVE (MUA).... oot e e e e e e e e e e e e e smeeaa s e e e e e aaeaaaaaees 202

Figure C.4: (a) Broken and (b) damaged chitetezo mbaula cookstoves observed during the
MEASUremMENt CAMPANIN........uuitiitiie i e e e e e e e e e s reeer e e e e e e e e e e e e e e e e e eeeesrsranneaaaeeaees 203

Figure C.5: Whiskey distillation system in rural Malawi. (a) Corn mash mixture is boileargel
pot, (b) evaporated alcohol is captured, cooled, and collected (yellow.cupy.................. 204

Figure C.6: Beer making process wherein a mash mixture is boiled and strained......... 204

Figure C.7: Charcoal production kiln: (a) two to three trees are harvested, dried, and stacked into
a shallow pit, (b) a fire is started using grasses or bty smokey, moisture was observed
escaping and condensing on lp@9 the smoldering logs are covered in a mixture of dirt and grass

or straw, leaving two small openings on each end of the long axis; color of smoke changes to light
blueish on one side and the other vent had thick whiteish smoke. Emissions test tnagathas

stage, after kiln construction was complete or near complete. After the process is completed, (d)
the mound appears partially collapsed and no longer smolders. The charcoal is manually dug out
AN DAGGEA. ... s 206

Figure C.8: Brick kiln: (a) After bricks are formed and dried in the sun, they are stacked into a
rectangular, partially hollow strture with two to three openings left to allow the fuelwood to pass
through, (b) the outside of the structure is covered in additional clay, and the bricks are cured
through a 3648 hour DUIMING PrOCESS.......uuueiiiiie e rree e e e 207



Figure C.9:Chitetezo mbaula stove production Kiln.,...............ooovviiieeeeiiiiiieee 208
Figure C.10Chitetezo mbaula cookstoves (a) before and (b) after the curing process..208

Figure C.11: Scatter plot of Mass Scattering Credsction (MSC). PMat is the scattering
concentration measured using a laserpneat er at o = 6 3 hscangentratond t h e
is measured through gravimetric analysis of the Teflon filter. TRD = Traditional, ALC = Alcohol,

CM = chitetezo mbaulaEM = earth mound charcoal kiln, and BR/CMK = clay fired kilns for

brick andchitetezo mbaulatove ProdUCHION.............uuiiiiiiie e eeeeer e 210

Figure C.12:(a) ARISense (top) and collocated MicroPEM instruments (inside purple box below)
positioned for air pollutant concentration measurements of kiln sources, and (b) Stove Use
Emissions Measurement System (STEMS) positione@russions measurement of cookstove.

Figure C.13: Cumulative distribution functions for (4@ light scattering and (2a) integrated
filter PM2.5 emission factors and (B& carbon monoxide (CO) emission factors measured from
the three stone fire (TSF) and CM (chitetezo mbaula) COOKStOVES...........cceeeeeevieeeennnnn. 220

Figure D.1: The VAMMS package contains the following components: PM monitor (2BGO),
GPS (Ultimate GPS Breakout), Data logger + SD card data storage, Lithiubattery (12V 45

W), Isokinetic Probe and window mount + GPS antenna, SDidd&B adaptor, VAMMS 120V

AC power cord, VAMMS car power cord, Zero check filter, and spare 37 mm filter for PM
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Figure D.2: The sampling configuration of the VAMMS on the passenger window of a vehicle.
The sample probe is connected to the sample tube, which connects to an inlet on the exterior of
the VAMMS case. An interior tube connects the sample tubeetp@iRr1500. The GPS cable is

also attached to its own inlet on the VAMMS case. The probe should face the driving direction to
sample PM as the VAMMS is driving. The thumbscrew is used to tighten the mount ir2@ace.

Figure D.3: The mean pDRL500 PM2.5 concentration vs the concentration derived from the
blank-corrected integrated filter mass foxk sieployments. Linear fit regression coefficients (red
line) and the R2 value are shown. A doeone line is shown as the dotted black line....... 223

Figure D.4: PurpleAir PM2.5 concentration (uncorrected, corrected by extreme wildfire correction
T Johnson et al. (2022), and corrected by wildfire smoke correcctidolder et al. (2020) from

five sensors (3axis) versus the PM2.5 concentration measured by tfet@BAM-1022 FEM
instrument (xaxis). N is the number data points. A one to one line is shown as a black dotted line.
The data were collected between 2@B224 and 202210-13 in Oakridge Oregon during the
Cedar Creek WIlFIre...... ... e 225

Figure D.5: PurpleAir PMs concentration (uncorrected and corrected by wildfire smoke
correctioni Holder et al. (2020) from a PurpleAir sensor versus the PM2.5 concentration measured
by the onsite FEM instrument Eaxis) for the (a) Weaverville AQMS and (b) Redding AQMS. N

is thenumber data points. A one to one line is shown as a black dotted line. The data were collected
between 202-D8-10 and 20249-20 near Shasta Trinity County during the Monument wildfire.
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Figure D.6: Example of dust spikes (resulting from vehicle acceleration on pavement) detected in
the PM2.5 concentration data and removed using the COV methote(taal., 2012). The
velocity is shown on the rightand axis in meters per second. These data were collected near
Shastarrinity County, CA during the Monument Fire on 08/11/2022. The timestamp is given in

Universal Coordinated TiM ... ....uuuiiiii i rr e bbb eennnees 231
Figure D.7:06 Appr oxi mated AQI color scale wused thro
concentration. Values beyond tA@I are represented by blue................ooeviiiieeeeeeen. 232

Figure D.8: Summary figure for VAMMS chamber evaluation perfarmae metrics: a) timeseries

of Delp & Singer (2020) corrected VAMMS data and gravimédifier corrected VAMMS data
(Reference) used for the performance evaluation (decay phase of the smoke chamber evaluation),
b) scatter plot of VAMMS corrected PM2.5 rezentration versus the filteorrectedPM2.5
concentration (ug R3). The black dotted line is a 1:1 linesfilcsummary statistics for each
evaluation metric (slope, intercept, R2, and Root Mean Square Error). The colored marker
indicates the value achied by the VAMMS compared to the reference. The grey region indicates
the target value range for each metric. Data points inside the grey region indicate that the sensor
meets the performance targets desired for supplemental monitoring applications.alheserd
collected at the U.S. EPA Research Triangle Park Facility, NC on 10/20/2022. The timestamp is
(o AYZ< T (oTox= | 1] oSO PPPPPPPPPY 233

Figure D.9: Map of Konza Prairie Biological Research Station near Manhattan, Kansas. The blue
regions indicate different plots and the lines between them represent fire breaks. The blue markers
indicate the five plotthat were burned during theday monitoring period. The three plots burned

on 09/15/21 (day 2) are indicated with arrows and text labels which provide information on the
plot size, start time of each burn and the conditions. Google My Maps. ManhattaasKdSA.
Accessed: November 17, 2022. © Google Maps 2022..........cccccoeeiiiiieeceeiiiieeeeeeeeees 234

Figure D.10:Map of Konza Prairi@iological Research Station near Manhattan, Kansas. The blue
regions indicate different plots and the lines between them represent fire breaks. The blue markers
indicate the five plots that were burned during thag monitoring period. The three plotsrbed
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Figure D.11: Timeseries from the four temporary, stationary PurpleAir sensors duringaxre 3
controlled burn at the Konza Prairie Biological Research Station on 09/15/2022. Each bar
represets an86s measur ement , colored by the dbdapproxi
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Figure D.12: Timeseries of VAMMS (4s) and PurpleAir (8@) measurements during prescribed

burning on 09/15/22. Each panel shows the timeseries for the controlled burn eacmepiot.
Data from the PurpleAir are shown only when the VAMMS was within 100 m of the instruments.

XXVi



The data ar e ¢ o bhpproxandte AQd, mearin that she value wasassigned to a
given color (i.e., green, red, etc.) using the upper and lower bounds of the Air Quality Index
categories. The timestamp is in Universal Coordinated Time.............ccoovvvvieeeeee e, 237
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Chapter 1: Introduction

1.1 Motivation

The combustion of biomassrganic 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 impaf@howdhury et al., 2019; Conibear et al., 2018;
Murray et al., 2020; Knippertz et al., 201Biomass combustion can be containedy(, & a
household or industrgnergy source) or occur openly (e.g., wildfire, prescribed burmwagte
disposa). 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 tptathary energy use in 204&IA, 2020)but in
low and middle income countries (LMICs) biomass can account for up to 35% of total energy use
in the indwstry secto(Bala and Ayar, 2005)In the residential sector, biomass fuels and traditional
cookstoves provide the primary source of household energy for more than 3 billion(pédie
2018)and contribut to an estimated 2.3 million premature deaths per(\array 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 ambientsRfihe particulate matter)
concentrations during cooking hours in regionith high rates of traditional cookstove use
(Adhikari et al., 2@0). Further, a recent review found that household air pollution (HAP) is the
dominant source of ambient BMworldwide, contributing to about 20% of global Pd&xposure
(Chowdhury et al., 2023)

Relative to the rest of the worlBubSaharan Africa (SSA¥ disproportionately affected
by the impacts of air pollutionfrom biomass combustiodue toincreasingpopulation and
urbanizationnear universal rates of househbldmass fuelise in rural areasndextremepoverty
(Shikwambana and Tsoeleng, 2020; Stevens and Madani, 2016; Liousse et al., 2014; Awchegah a
Agyei-Mensah, 2017; Abera et al., 202However, indoor and ambient air quality monitoring
and reporting is uncommon in many African countries, dumdutiiple factors includinghe high
costof reference grade equipmeand the technical and humessources required to operate and
maintain a network of monitofg\megah, 2018; Petkova et al., 2013)

Though HAP is widely accepted as the largest contributor to ambient anthropogenic PM
in Africa, the production of charcoal, other industries, and t@meion also contribute
(Chowdhury et al., 2023Cookstovestudieshave characterized emissions frapusehold energy
use and their impacts on indoor and ambient(fam et al., 2020; Adhikari et al., 2020; Clark
et al., 2009; Clark Maggie L. et al., 2013; ArciNicholls et al., 2016)but little research has been
done onsmaltscale industrialcombustion sourcesEmissions fromthese common sources,
including rudimentary charcoal production kilns, clgng kilns, alcohol production and
informal food standsare not welldocumented or represented in emissions invent@kiesais



and Wiedinmyer, 2016; Liousse et al., 2Q1%ihere a 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 amourtuddat po
emitted per the amount of fuel consumed by a given source), missing or incomplete activity data,
andinsufficient characterization of the inherent variability present within each source category.
Typically, SSAspecific Els are required to extraptd information from a few reports or use
findings from a local case study to represent the wholecsabnent (Bockarie et al., 2028hd

some important sources may not be represented @ti@lisse et al., 2014Consequently, there
havebeen multiple calls for in situ measurements of anthropogenic emission factors in Africa and
for comprehensive country and lodavel activity data(Keita et al., 2020; Marais and
Wiedinmyer, 2Q6; Liousse et al., 2014)

Although contained biomass burning sources represent the largest anthropogenic sources
of PMas, open burning (i.e., wildfire, agricultural field clearing fire, prescribadhing, etc.) is
the largest overall contributor tandient PM sin Africa (Chowdhury et al., 2023Bimilarly, in
the United States, wildfires are the major contributor to ambientsbhcentrations in recent
years,accounting for an estimated -88% of ambient Pisdepending on the regigiBurke et
al., 2021) Given that large wildfires (>400 ha) have increased in frequency over the past two
decadegWesterling, 2016and the rapid growth in the wildlandban interfae (Radeloff et al.,
2018) the number of people at risk for smoke related health impacts is expected toTdrese
types of fires emitarge and variable amounts BM2 sand gaseous pollutts) from which theair
guality impacts remain difficult to confidently quantify and ascib& f r i n and Gar ci a
2020; Haikerwal et al., 2015; Davidson et al., 20@8hough there is a nationwide regulatory
AQ monitoring networkin the U.S.,wildland fire typically occurs relatively far from large
population centers and its episodic nature can madigfitult to isolate fire emission impacts
from a specific burn(Yao Jiayun et al., 2013) Further, wildland fire pumes are spatially
heterogeneous with characteristically steep exposure concentration gradients, influenced by
factors like topography, weather, and fire conditig@affe et al., 2020) Groundbasel
measurements around fires have shown large spatial variamohsdicated that models using
interpolated data from the existing regulatory monitoring network may not be representative of
actual exposures in impacted communiti€slleher et al., 2018; Kelly et al., 202Dbften die to
themodel s6 inabil ity taondsmakeflow oves compler terrdisiypetal.,i a | scC
2019; Frisbey, 2008; Price et al., 2011@) a wildfire situationthe existing stationary network is
insufficient forhealth officialso accuratelydentify and alert the public to dangerously high levels
of harmful air pollutants

Traditional reference and reseagtade measurement teclogies used for emissions
guantification 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



and technical resources and regulaintenance. 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 eveublit have turned to portable and
low-cost air quality sensar§hese technologies mayffer a compact, lightweight, and easily
transportablalternative and may keeal forremote settinggiven that they require little power

and can be deployed qulgkand affordably However,their steep rise in popularity has been
matched with increased calls for better quality assurance methedss and Edwards, 2016;
Kumar et al., 2015; Giordano et al., 2021; Snyder et al., 20I8)date, here is little
standardization for calibratindpese sensormand there are no widely accepted testing protocols,
metrics, or targets to evaluate their performaCastell et al., 2017; Duvall et al., 2021a;
Morawska et al., 2018; Rai et al., 201If) response to this, the U.S. Environmental Protection
Agency (EPA) developed two reportstining testing protocols, metrics, and target values to
evaluate the performance of ozone and PM sensors forregoiatory supplemental and
informational monitoring applications in the U(®uvall et al., 2021a, bUnfortunately, there is

no similar guidance evaluatdow-cost and portable sensdos mobiledeployment®r in sdtings

without in situ regulatory monitors.

Portable antbw-cost sensor technologibawe the potential to provide source and ambient
measurements in difficulind isolatedenvironments, but the collected data requseficient
evaluation to ensure that quality and interpretability are sufficient for the unique application. In
applicationswhere these sensors cannot be compared with regulatory monitors to evaluate their
performance, theollocation calibration and performance evaluation process must take place
another site, potentially under a set of environmental conditions that doatch those of the
targetdeploymentenvironmentUltimately, this could contribute to poor quality measurements,
for example, pevious longterm field assessments laiw cost optical particle sensorsdicate
large variabilityin performancevith seasonsnvironmental conditions, and background pollution
levels(Bulot et al., 2019; Rai et al., 2017; Sousan et al., 2@&ypite their promise, questions
remain about the durability and sensitivity of the sensors, the resulting data quality, and for which
kind of applicdéions they are suitable.

1.2 Research objectives

This dissertation addresses several key needs as identified bydéeinedstatements
The major goal of this analysis is to develop methods to evaluate the perfoohpodable and
low-cost technologiesunder conditionsimpacted by biomass burningmissions and to



demonstrate potential field applications of such sensors, includingoltectc emissions
measurements of undstudied 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 demporary ambient air quality monitoring network
across central and southern Malawi, 2) the characterization of emissions from traditional
household and smadicale industry sources typical in rural Africa, and 3) the evaluation of a
mobile monitoring systm to characterize air quality conditions in locations impacted by wildland
fire.

This dissertation addresses the major themes of this research question through the
following specificobjectives:

1. Develop a framework for evaluating and operating a tenmpoaanbient 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 emissiongr 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 inforpublic health guidance and improve smoke plume
dispersion models.

Figure 1.1provides 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 25, with a brief overview of each provided below:



Chapter 4: In-home and field Chapter 5: Mobile monitoring of
emissions monitoring of stoves and air quality conditions in areas
small-scale industry sources impacted by wildland fire smoke
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Figure 1.1: Simple schematic of the linkages between biomass burning source emissions and air quality, with
topics explored in this dissertation. Greyed out items indicate topics not covered, but of significance to the
themes.

1.3 Chapter summaries

1.3.1 Chapter 2: Performance characterization of lowcost air quality sensors for offgrid
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 syeaw)timultiregion
monitoring campaign in Malawi. The analysis describes the calibrationeggoof the
electrochemical gas sensors and assesses the optical particle counter comparedsaraglier
corrected nephelometer. The first year of deployment data was used to evaluate the transferability
of the calibration models and identify practi¢bat increased data quality and overall recovery.
The results show that commercial l@ast 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 sensorpackages

As an extension of Chapter 2, gshthapter focuses on the analysis of multiple years of
ambient air quality data that were collected at various sites in Malawi to characterize
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spatiotemporal trends, estimate background concentrations, and identify contributions from nearby
sources. Othedrivers of ambient air quality, including meteorological and climate trends, and
seasonal burning activity are discussed. The ryedr data set captures the impact that
widespread household cooking has on air pollutant concentrations in rural, resaleatsaand
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 tyfeokstovesand three types of
smaltscale 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. Sousad 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., threstone fires, charcoal kilns) are likely welbnstrained 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 severaifxeamitors 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 arekwsguitable for use in emergency response deeision
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 opamscaresslso
explored.



Chapter 2: Performance characterization of low-cost air quality sensors for
off-grid deployment in rural Malawi

This chapter has been publishedBgtner, A. S., Cross, E. S., Hagan, D. H., Malings, C., Lipsky,
E., and Grieshop, A2.: Performance characterization of lowst air quality sensors for edjirid
deployment in rural Malawi, Atmos. Meas. Tech., 15, 33336, https://doi.org/10.5194/ahb-
33532022, 2022.

Abstract

Low-cost gas and particulate sensor packages offer aammghtweight, and easily
transportable solution to address global gaps in air quality (AQ) observations. However, regions
that would benefit most from widespread deployment of-dost AQ monitors often lack the
reference grade equipment required tlhabdy 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 sensorsNkarest Neighbor (kNN) hybrid, random forest (RF) hybrid, high
dimensional model representation (HDMR), multilinear regression (MLRY 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 whereapplideployment data collected in
Malawi. We compared kNNiybrid 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 observatiwasge 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 Alphasens&l®Bg@ical particle counter
to a filtercorrected nephelometer using collocation data collected at one of our deployment sites
in Malawi. We found the performance of the ORE varied widely with environmental
conditions, with the worst performance associated with high relative humidity (RBe& 7
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 (380%) varied by sensor and season aad limited by insufficient
power and access to resources at the remote deployment sites. Futcmstisansor deployments
to rural SubSaharan Africa would benefit from adaptable power systems, standardized sensor
calibration methodologies, and incredsegional regulatory grade monitoring infrastructure



2.1 Introduction

Ambient air pollution is a leading cause of morbidity and premature mortality in Sub
Saharan Africa (SSAMurray et al., 2020)Air pollution in SSA is expded 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 AgyeMensah, 2017) However, regulatory air quality (AQ) monitoring is
uncommon in manySA countries, partially due to the high cost of reference grade equipment
(Amegah, 2018; Petkova et al., 201Bemote sensing is a valuable tool to address these data gaps,
but satellite observations alone have various shortcomings relative to in situ measu{diuints
et al., 2019)Additional validation with reliable surface measurements is required, particularly in
SSA(Malings et al., 2020)n the meantime, loveost gas and particulate sensor packages provide
an affordable, compact, and easily transportable approach to supplement air quality networks in
regions where reference grade instrumentatiootigocessible. Malawi, located in sowgastern
Africa, provides a relevant context to investigate how-tmst sensors (LCS) can be used to
address the global dearth of AQ observations. The Malawi Bureau of Standards published ambient
air quality limits lased on World Health Organization guidelines in 208&poma 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 lag-term trendgFullerton et al., 2009, 2011; Jary et al., 2017; Mapoma and Xie, .2013)
A dependable and affordable LCS monitoring network in Malawid provide data to monitor
the evolution of air quality and establish baselines for future AQ management.

Given the potential applications, LCS deployments are becoming corf@Giarano et
al., 2021) However, as the cost of LCS decreases, so masetketivity, linearity, and accuracy.
Electrochemical gas sensors are prone to interference aneserassvities. Interference occurs
when sensors respond to changes in temperature (T) and relative humidity (RH}. Cross
sensitivities occur when sensoespond to the presence of gases other than the target analyte
(Lewis et al., 2016; Mead et al., 201Bgilure to properly account for these during calibration can
result in substantial measurement error uraebient conditiong¢Lewis et al., 2016; Cross et al.,
2017; Castell et al., 2017; Mead et al., 20IB)e calibration and application of LCS technologies
to augment existing regulatory monitoring networks has been widely exjjoress et a).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., 2B&a8gt 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 (Ppd) sensorsfor nonregulatory supplemental and informational
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monitoring applications in the U.$Duvall et al., 2021b, alUnfortunately, there is no similar
guidance fowalidating 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 ar@hatzidiakou et al., 2019; Hagan et al., 2019;
Subramanian et al., 2018, 202@ 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 hip 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 crosensitivity and interference to be measuased controlled for

before deploymeniWilliams et al., 2014; Spinelle et al., 2016; Lewis et al., 2016; Spinelle et al.,
2015) However, studies of lowost particle sensors have observed better performance under
laboratory versus field conditiondRai et al., 2017)For example, previous lorgrm field
assessmentd the Alphasense ORN2 optical particle counter have observed large variability
with changing seasons, environmental conditions, and background pollution(Bwvielset al.,

2019; Rai et al., 2017; Sousan et al., 20L6)v cost optical particle sensors can systera#ic
overestimate mass concentrations under high RH (>70%) conditions due to hygroscopic growth
of the particlegCrilley et al., 2018; Di Antonio et al., 2018yith errors ranging from 100 600%
depending on aerosol hygroscopicftyagan and Kroll, 2020)urther, the complex chemical,
physical, and optical properties of aerosol can complicate the field evaluation-odsbwartite
sensors. For the Alphasense OGRE, particle composition may impact the sensor output by as
much as a factor of 3Rai et al., 2Q7; Sousan et al., 20163 recent modelling effort by Hagan

and Kroll (2020) found that the optical properties and patrticle size distribution of the source aerosol
can result in errors of up to 100% and 90%, respectively, in mass measurements roagmoby |
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
biomassburning(Reid et al., 2005)a dominant source of ambient PM throughout $8Arais

and Wiedinmyer, 2016; Queface et al., 2011; Liousse et al., 2Z0hddefore, stringent quality
asswance is necessary to ensure the validity of LCS particle measurements in this environment.

Il n this study, we cal i branodedcteastidtegatedeghsy at e d
particle, and meteorological sensor package (Aerodyne, Inc.) foitéomgfield 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 compaitie regulatory grade equipment in Malawi was
not possible, the objective of this work was to devise an alternative methodology to evaluate the
ARISense technology (Section22l) for accuracy, precision, and stability over thgear pilot
deployment. In Section 23 and 22.4, we describe collocations of the gas sensors (in North
Carolina, USA) and particle sensor (in Mulanje, Malawi) with reference or-ifarence
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instruments (described in Sectior2.2). We use collocation data and qtieative assessment
metrics (described in Sectior2%) to compare the performance of five modelling approaches to
calibrate the gas sensors (Sectib8 1) and estimate error in the particle sensor data (Section
2.3.2). After deployment to Malawi (desbed in Section 2.6), we qualitatively assess how the
ARISense performed in the field using contextual information about nearby emission sources,
diurnal trends, and an inteomparison of calibrated gas model observations (Se2t®8 and

2.3.4). In Sction2.3.5 and2.3.6, we compare the deployment results to remote sensing and
reanalysis data products and to surface measurements from similar environments in SSA. Finally,
in Section2.3.7, we qualitatively assess the lotegm stability of the sensaradings and
calibration models in Malawi by comparing seasonally similar ambient data collected one year
apart at the same location. In concluding (Secfief), we draw on these pilot results to
characterize the benefits, limitations, and robustnedsioféchnology and methodology for our
application: collecting AQ data in undstudied andresourced regions. Additionally, we offer
guidance on considerations to improve future remote deployment efforts. Detailed analysis and
discussion of more than &® 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 collocateld avisemireference PM
instrument at a deployment site in Malawi to assess the performance of the integratdi® OPC
Instrumentation, collocation, and calibration are covered in Setil ©.2.2.4. Performance
assessment metrics are given in Se2t52 Calibrated ARISense were deployed to Malawi (Sect.
2.2.6) and compared to remote sensing data products (S2c). 2.

2.2.1 ARISense sensor packages

The ARISense package (Fiy.1) integrated the following sensors from Alphasense Ltd.,
UK: carbon monoxide (C@4), nitric oxide (NOB4), nitrogen dioxide (NOB43F), total
oxidants (OxB421), and the OP®GI2 optical particle counter. The ARISense reported voltage
readings from electrochemical gas sensor working electrodes (WE) and auxiliary electrodes (AE).
Sensordi f erenti al vol t agWET(AEaVHe Apprasense @RNZ recorded e d a s
counts in 16 size bins spanning particle diameters from 0.38 to 17.-ngamning the OPGI2
primarily measures coarge 2 um) and some accumulation mode (0.1 to 2 um) aer(Batiura
et al.,, 2018; Crilley et al., 2018; Sousan et al.,, 20A8hough the OPEN2 has embedded
algorithms to convert count measurements into mass concentrafiéd; o, PMos and PMo
(particulate matter with aerodynamic diameters less than 1.0, 2.5, and 10 um, respectively), the
bin count data were manually integrated, converted to number concentraticha@suming unity
measurement efficiency across the f@nge, and then to mass concentration assuming spherical
particles with uniform density (1.65 g &rh The values reported for Piare PM. The location
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of the adjacent bin separations at 2.0 and 2.99 um did not allow for direct estimatesf PM
However, this was only one of many contributing sources of error in approximating true mass
concentration with the Alphasense ORE. Given the minimum cuff diameter, we were unable

to measure (nor did we try to estimate) the mass from particles smati€r. 8aum.

We used four ARISense monitors in this study: serial numbers ARI013, ARI014, ARIO15
(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 eN8& dDetails and images are
provided inAppendix Al. 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 MOO/NO, (Teledyne Model T200UP), CO
(Thermo Scientific Model 48TLE), and Ozone (Ecotech Federal Equivalent Method instrument)
were obtained from reference instruments operated by the North Carolina Department of
Environmental Quality (NGDEQ) and the U.S. EPA.

The semireference MicroPEM (RTI International) instrument was used to assess the
performance of the ORN2 in Malawi. The MicroPEM, equipped with T and RH sensors,
sampled (0.50 L/min, 100% duty cycle) via a Blihlet into a nephelometer (0.1 Hz) and 25 mm
PTFE filter. In previous evaluation studies, after gravimetric correction, the MicroPENmeal
nephelometer agreed with fixesite reference monitors across a wide range of ambient PM
concentrationgDu et al., 2019; Williams et al., 2014jowever, deployments sbrved baseline
(zero) drift and poor performance at RH conditions above QAftiams et al., 2014; Zhang et
al., 2018) To account for baseline drift, the MicroPEM was zeroed before each deployment using
a HEPA fiter. Additional details on the MicroPEM sensor, filter analysis, and quality assurance
are provided irAppendix Al.

2.2.3 Gas sensor collocation and calibration

Before deployment to MalawARI013, ARI0O14, and ARIO15 were collocated with EPA
and NCGDEQ referace instruments (FigA.2) at a neahighway site near Durham, North
Carolina, USA (35.865°N, 78.820°Wgtween 29 May and 15 June 2017 (boreal suriimarm,

mild season). ARI0O13 and ARIO14 were collocated for 17 days. ARIO15 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 providedppendix A2.

The predeployment 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 esessitivities. Outlying data pas in the raw
ARISense gas sensor voltage data due to noise and power cycling were visually identified and

11



removed. Raw NO sensor data collected within 8 hours of a power cycle were also removed due
to the extended warmup time of the NB2 sensor. ARISese data were time aligned with the
reference data and both datasets were averageemio Besolution. A random 70% of the
collocation data were used for model training and the remaining 30% were withheld for testing.
Performance assessment metrics weleutated only for the withheld data.

Individual calibration models were built for each gas sensgrNQ, NG, CO) in each
monitor (ARIO13, ARI014, ARIO15) using five modelling approaclkelslearest Neighbor (kNN)
hybrid (Hagan et al., 2018Random Forest (RF) hybr{iflalings et al., 2019aHigh-Dimensional
Model Representation (HDMR)Cross et al., 2017Quadratic regression (QRMalings et al.,
2019a) and multilinear 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 htgharencountered during calibrati@tiagan
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 cdipgdutants, sensors, and
environments (Hagan et al., 2018). In a calibration and validation study conducted by Malings et
al. (2019), RF hybrid models were recommended for any-émst monitor using electrochemical
sensors similar to their sensor pagpéathe Realime Affordable MultiPollutant (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 werdound 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 andi@Rlare
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 = nadxogen
-nearastmeighzort (KNdI)n
hybrid, random forest (RF) hybrid, higlimensional model representation (HDMR), niitiear
gsutlze dvoltage idifferencee lgetweens thé warkingd QR) .
electrode (WE) voltage and the auxiliary electrode (AE) voltage measured by each electrochemical gas

NO: = nitrogen dioxide, Q=

regression (MLR),

oxidant s)

and m

and

odel

sensor, RH = relative humidity, T = temperature, DP = dew point.

Gas Sensor Data Inputs to Model Models applied
CO CO oV, RH, T, & DP |AI
NO NO oV, RH, T,2 DP, All except QR
NO2 NO2qpV , RH, T, & DP All except QR
O« OV, DP, & NO2 oV |AllexceptQR

8NN hybrid only
RF hybrid only

The modelling inputs are summarizedTiable2-1. Oz models were designed to account

for sensor crossensitivity to NQ (Cross et al., 2017). Noteaht

estimates made from calibrating the ®e ns o r
from

measur ement s

Figure2.2a.

d a

the tot a

2.2.4 OPC-N2 collocation and calibration

ARI023 was collocated with a MicroPEM in an ambient, combustion senficenced
environment on a house rooftop (4 m above ground level) in Mikundgeilla Mulanje District,
Malawi (16.058S, 35.538E) between 25 July 2018 and 7 August 2018 (austral winteol, dry
season). We collected 130 hours of collocation data over threedayltiollection periods (i.e.,

3 PTFE filters). A 75% completenesgjurement was applied before the raw 1 min data were
averaged to 1 h and 24 h intervals. Slalily averaging intervals were used to assess thellPC

t a.

I 0 Xi
pollutant. For our study, the CO HDMR aakels were set to allow only firsimensional
interactions, as secoratder interactions were observed to lead to spurious results for data
collected outside the bounds of training data (see 38@.- on deployment conditions). For the

CO sensors, thieffectively 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

dant

for near reatime (1 min) and diurnal trend (1 h) monitoring applications. A-\bise RH

(6Al

refer#fndegdi cat é
OR eif ediemeactees
sensor .

rt aow (¢

¢

correction algart hm ba-KEedl em ®heory was applied co
under high RH conditions, initialllyandasrssolmi ng
hygroscopicity (8) of 0.6 (Di Anigcorrectian toghe ,
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assumed hygroscopicity, the density was held constant at 1.65%aemd t he o val ue w

(@ = 0.15, 0.6, and 1). To observe variabilit
and hygroscopicity were varied to appimate ammonium nitrate, dust, wildfire, and background
aerosols. Aerosol property assumptions (8 and

Petters and Kreidenweis (2007)

2.2.5 Assessment metrics

We adaped performance metrics and target values from recently published U.S. EPA
guidelines(Duvall et al., 2021b, a)o assess ARISense performance (Tabkle). 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
guantitative marker to indicate satisfactory or unsatisfactory sensor perforrhan@ver 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 metris, does not constitute endorsement by the U.S.
EPA. Their guidelines were developed foradd PMsair sensors, and we used these to assess
the ARISense OB421 and OPEN2 sensors, respectively. Although there are no formal
guidelines for CO, NO, anNO- sensors at the time of writing, for coherency, we opt to assess
those sensors using a similar approach.

The coefficient of determination R an indicator of the correlation between estimated
and true concentrations, was used to assess linearityodtmean 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 usinghe ARISense measurements as the dependent variable (y) and the reference
measurements as the input variable (x), and the resulting shgpan@ interceptk) were
calculated. Quantitative descriptions for each metric are givAppendix A3.

In addition, prediction intervals between the ORE and MicroPEM data were calculated
to provide a statisticatonfidence interval to interpret ORX2 sensor measuremeictllected
after the evaluation perid@ean, 2021)Wecalculated 68% (kigma) prediction intervals for the
ARISense using collocation data from ARIOZ&ble2-2) collected at the Village 2 sit&igure
2.1d). The 66min averaged observations were used to fit a linear model, which required a Box
Cox transformationBox and Cox, 1964jo obtain normally distributed residuals (Figy.3).
Detailsare given iMppendix A3.

2.2.6 Deployment to Malawi
ARIO13, ARIO14, and ARIO15 were deployed to their respective monitoring locations in

Malawi from July 2017 to July@L8 (shown as blue markers Bigure2.1). The three locations
were selected to provide measures of regional variation and replicates in two paired village sites.
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ARI 013 (AVillage 20 site) and <ARnhdpart4Figh.B)Vi | | ag
in two rur al villages in Mulanje, Mal awi , ad,j
site) was deployed >375 km northwest of the village sites at a rural university campus ~30 km
from the capital city (FigA.6). Additioral satellite images are givenAppendix A4.

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 qualityAung et al., 2016; Zhou et al., 2011; Amegah and Ag§ensah, 2017)
Homes regularly using biomass cookstoves within 50 m of the monitoring sites were visually
identified at the onset Bidgure2lo@d. study (shown w
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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 0X0s i ndi aradseookstbves withind@ i bf adhe manitoring site w n
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 ofthe ARISense collocations and deployments is givéralie2-2. After the
one year ambient deployment was completed, the ARISense were used foorieghtration
emissions monitoring experiments in rural Malawi in July and August 2018. The details of those
experiments (i.e., number of experiments, duration, apprae&i@®@ concentrations) are discussed
in Appendix A5. 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 colloc@ns, 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.

ARISense | May - June 2017 | July 2017- July 2018 July - Aug 2018 Aug 2018- Mar 2019
ARIO013 Collocation (NC) | Deployment (Village 2) | Emissions monitoring (Village 2)| Collocation (NC)
ARI014 Collocation (NC) | Deployment (Village 1) | Emissions monitoring (Village 2)| Collocation (NC)
ARI015 Collocation (NC) | Deployment (University) | Emissions monitoring (Village 2) n/a

ARIO023 n/a n/a OPGN2 collocation (Village 2) n/a
@Data from emissions monitoring experiments not discussed in this paper

At the conclusion of the emissions monitoring experiments, ARI0O13 and ARIO14 were
returned to NC and were collocated with reference instruments at thbiglkeamay Durham, NC
site used in the prdeployment collocation (described in S&xR.3). ARIO15 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 Gloeldard Earth
Sciences Data and Information Services Center (BESEX) Interactive Online Visualization and
Analysis Infrastructure (GIOVANNI): 1) areamveraged, monthly Multispectral CO Surface
Mixing Ratio (Daytime/Descending) from MOPITT and 2) CO ScefaConcentration
ENSEMBLE from MERRA2 , henceforth referred t-»0,as fi
respectively. MOPITT is a calibrated satellite observation and MERRAa global reanalysis
data product. MERRA is the output of an atmospheric chemistry mdu has assimilated other
data, including satellite data, in making its estimatinthly averaged MOPITT and MERRA
2 observations were compared to ARISense CO surface data collected at the Village and
University locations. Given the physical proximdy Village 1 and Village 2, and the similarity
in monthly mean CO concentration at each site (kig.) , t he average of the
Me an 0) wAddtional sletads.are given iAppendix A6.

2.3 Results and Discussion
2.3.1 Gas sensor performance dring collocation

Raw gas sensor voltagesrfbn averaged data) from all three ARISense monitors (ARIO13,
ARIO14, ARI015), excluding the &ensor in ARIO15, were highly correlated? (R0.8) during
the predeployment collocation, suggesting changes is@eresponse were due to environmental
changes, not sensto-sensor variability (FigA.9). The sensors in ARI013 and ARI014 were most
closely correlated (R> 0.9). The raw ARIO15 Qsensor data showed weaker temperature
dependence and the lowest correlatioh <R.6) with Q sensors in ARI013 and ARI014 (Fig.
A.9).
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Figure 2.2 showns two performance metrics representing each senedel combination
for the three ARISense. Data points toward the lower left corner of eacB.Figanel indicate
better performance. Results from all ARISessasommodel combinations for all five
performance metrics are given in Tabkeg-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 caNfatsehsors in all
three ARISense were the least correlated with reference measurements compared to the other gas
sensors. Only the ARIO15 NQGensor, calibrated by the RF hybrid model, surpassed the target
value for the linearity metric @& 0.8). Furthe no NG sensoimodel combination met the bias
target values for slope and intercept. For all three ARISense, the calibratedeN&brs
underestimated the true concentration compared to the reference (@.2®<J1). However, all
NO2 sensoimodel combinations met the error target (RMSE < 5 ppb) and approached the
precision metric target.

At the other end of the performance dpe@w,the calibrated @sensors performed the best
compared to the other gas sensors duringcpllecation. Nearly all @sensommodel approaches
attained similar linearity and error metrics (0.85%<.99 and 2 < RMSE < 5 ppb), well within
the targetalues Only the ARIO15 @sensor calibrated by the RF model failed to meet the RMSE
target value, yet it returned the highedtvRlue compared to the other models. Additionally, all
O« sensomodel combinations met the slope and intercept target vatudsas. For the KNN
hybrid model, the calibrated :(bservations had a slope approximatingri>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 sensemodel 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 serference 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 NGreedgbr
combinations surpassed the target foergvmetric except precision. Again, the ARIO15 gas
sensoiRF hybrid model combination was the outlier compared to ARI013 and ARI0O14 sensor
model combinations (Tabk.6). We hypothesize that the shorter collocation period of ARIO15 (8
days compared to 17ags of collocation for ARI013 and ARI014) led some of the sensmtel
combinations to be overfit or poorly constrained.

Most CO sensemodel combinations met or approached the target values for bias,
linearity, and precision. The U.S. EPA recommendeda@et values for these three indicators
(TableA.1) can be used to compare against the CO sensor values to approximate performance, but
we surmise the error target value (RMSE O 5
Quality Standards suggest Gfoncentrations are-2 orders of magnitude larger than ambient
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ozone or NQconcentrations. By extension, we posit that a reasonable error target value for the
CO sensor is 50 ppb. Except for the- €N hybrid model combination, most CO senswrdel
combhations did not meet our adapted error target value. However, considering the magnitude
differences, the CO sensorodel combinations performed similarly to the NO, N@d Q
sensors in terms of error. The CO RMSE values7@@pb) were correspondinglye order of
magnitude larger than NO, NCand Q RMSE values (Z 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 ofmodelling 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 areARiI&=nse (ARI013, ARI014,

ARI015) monitors, there are three markers for each gas sewsit#l combination. RMSE is root mean

square error. R2 is the coefficient of determination{ f i ni ty O R2 O 1). The | ower
panel indicates thieighest 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 tuepl@/ment collocation testing (Fig.
2.2). In almost all caseshe kNN hybrid model returned highef Ralues, 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 Rvalues than the kNN hybrid, but it had higher (and therefore worse lRMS
values by comparison. Further, the KNN hybrid model showed the leastiotetior variation in
performance. In Fig..2b-d, the KNN hybrid points are closely clustered together, suggesting that
this model was able to attain similar performance for edtihe 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 andMLR CO models in Fig. 2a) it was only for one of the three
ARISense monitors, never all three. Additionatlye MLR failed to meet target values for some
ARISensegas sensor combinations (Fig2&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

Predeployment collocation Pp measurements in North Carolina (where no reference
monitor/data were available) from ARI013, ARIO14, and ARIO15 suggest the Alphasense OPC
N2 sensors in each monitor responded similarf/X®.9) whenin the same environment (Fig.
A.10). ARIO13 PM smass concentration measurements were higher than measurements made by
ARIO14 and ARIO15 (slope > 1), despite all ARISense being in the same location. ARIO15
underestimated the mass at low concentratiomspaved to ARIO13 and ARIO14 (ndimear
clustering at concentrations < 5 pg’nm Fig. A.10a and c). The ORN2 sensors in ARI014 and
ARIO015 showed the highest similarity (slope = 1 + 0.05-R.96).

Figure2.3 shows scatter plots of the ARI023 OfR2 and MicroPEM data collected during
collocation at the Village 2 site in Malawi (Fi§.11). RHcorrection partially mitigated the impact
of overestimation due to hygroscopic growth but did not remove the artifact entirehA(ER).
RH-correction improved the precision and error metrics, bringing RMSE within the target value
(O 7 Otprthe 24 h averaged data (TaBl&). 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 (R> 0.7) for all averaging intervals and Ridrrection @ little improve
performance for this metric. For this data set, changes in bias and linearity appeared driven by
averaging interval. For example, the ORE RH-corrected 1 minute data met the target for slope
and intercept, but the 1 h and 24 h averadgd met neither. Particularly for the 24 h averaged
data, the small sample was leveraged by a few points which drove metric value3.3¢)ig.
however, close 1:1 agreement between the instruments was observed for four of the seven days of
collocation. Tlese results highlight the value of longer and more representative collocations. At
least two 3@day collocations would be needed, during thedrgt(Sep to Oct) and warmwet
(Nov to Apr) seasons, to characterize this specific site.
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Even after RHcorrecton, the OPEN2 overestimated mass concentrations compared to the
nephel ometer when RH wa s-N2®fteit Ontleresti@ated wass wher vy | t
RH was O 30%. These effects were mbd3sl). Theot i cea
effects ofRH 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 thi28¢}itjlotably,
the moderatdrkH outliers in the 24 h average scatter plot sugpastother factors, in addition to
RH, were contributing to error in the O observations.
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Figure 2.3: Scatter plots of Riorrected PM2.5 mass concentration measurements from theN@PC

versus massorrected 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 giverdias Y = mx + b. Additional metric

val ues are inset: R2 is the coefficient of3)determ
assuming the MicroPEM is the reference instrument, and cV is coefficient of variation. The black, dashed
lineisa 1:1 line.

To explore other contributors to variable ORE performance,Figure 2.4 shows
performance for RFtorrected data stratified by environmental conditions (wind direction,
ambient concentration, and RH). Wind direction and concentrationZBigb were selected to
explore the possible effect of nearby cookstove emissions, whil2 &eghighlights the remaining
effect of RH even after correction. We hypothesized that ambient concentration and wind direction
might impact OPEN2 performance given that the site wasiqdically exposed to cookstove
emissions from the Village 2 site household kitchen (within 15 m to NW) and from adjacent
residences (within 50 m to theSV in Fig.2.1d). Figure2.4 shows that wind direction was
associated with performance variationhaligh 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 tl time series data were associated with wind blowing from thHe-S® (Fig.A.14).

Figure 2.4b shows that ambient concentration had a modest impact orNQR&rformance
metrics. Linearity was expected to increase with concentration, particularly givethehagh
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concentration bin (2005 ug n®) 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 OPEN2 frequently underestimated thelsient mass concentration compared to

the MicroPEM, patrticularly during higher concentration periods dominated byfialBbiomass

burning (i.e., slope 0.4 for measurements between 20 to[d@®%1°). During periods of cookstove

influence, the size dighution, 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 OIRI2 performance compared to the MicER, though

not predictably. For example, higher linearity and lower RMSE were observed when the particle
composition was assumed to be highly hygrosco
| owe st hygroscopicity awss the aeeodol Was assamed to 1bé ) . I
characteristic of wildfire (rather than ammonium nitrate, dust, or background in origin), the bias
between the OPGI2 and MicroPEM disappeared (slope = 1.02), yet the error metric was among

the highest in the four aerosaktegories and was above the target value (TAHL®). 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
perfaomance assessment metric are given in TablgsA.10 in Appendix A8.
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Figure 2.4: Performance comparison of the Ridrrected Alphasense OR@ 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 Mulanjealwi. An individual data point represents

the paired metrics (RMSE and R2) for the GREfor 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 6fhin averaged RKtorrected OPEN2 PM2.5 concentrations compared to the
MicroPEM masscorrected nephelometer. RMSE is root meanasg|lerror, 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 ORI performedhe best compared to the MicroPEM during
dry conditions (20 to 40% RH) and when measuring background aerosol rather than source
emissions (FigA.14 - presumed based on time series data). However, this result might be partially
due to the coincident effectd high RH (Fig.2.7). Figure2.4c shows OPE@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%cdRigcted OPEN2
performance proached or exceeded the target values for the linearity, error, and precision metrics
(TableA.8). After RH increased past 70%, théwRlue approached zero and the RMSE increased
beyond the target value. Unfortunately, the inset histogram o2 Bigshows that an RH range of
60 to 80% was typical for this site during collocation.

We found that the ORP@EI2 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 RHAXHI8). However, outside of very
humid (RH > 70%) or very dry (RH < 30%) conditions, the-Brected OPEN2 could estimate
thePMsmass concentr at i o’ofthe MitrdPEMvalie fooreatimelhBurlyy g m
and daily monitoring purposes (based on RMSE in TAbK. The findings from this section
highlight the importance of quality assurance for Jowst optical particle sensor mass
concentration measurements, especially thoseemadenvironments 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 perfomance 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 requiceelxtrapolate beyond its training bounds,
which could lead to noephysical results (e.g., negative concentration values). Further, the
performance assessment statistics derived from the collocation cannot be expected to hold for
conditions far beyond tlse experienced during the performance characterization. Overall, the
collocation and deployment settings exhibited a similar range of environmental conditions (Fig.
A.15-A.16), butT and RH ranges in NC (15 to 4Dand 20 to 80%) were less extreme than in
Malawi (10 to 48C 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 loweegknding 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-A&[Eof each electrocheical
gas sensor. Therefore, the presgetated 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 thkP&2)0and was stated not to have long term
impacts by the manufactur@glphasense FAQs, 20215urther, others have shown no statistically
significant change in electrochemical sensos#sity due to changes in pressyRopoola et al.,
2016) Even so, we did not have the laboratory chamber data to investigate this potential issue.

2.3.3.1 Bivariate histograms

Figure2.5 shows bivariate distributions of T, RH, and gas sensor differential voltage data
collected in NC and Malawi. In addition to capturing interactions between variable€.%-ig.
shows that even when in the same environment during the NC collocation, thduatisensors
in each ARISense responded differently. Compared to ARIO13 and ARIO014, the Ox sensor in
ARIO15 showed weaker temperature dependence ). Since ARIO15 had a shorter
collocation period, it could be hypothesized that if ARIO15 were pteisethe collocation
environment for the same amount of time as ARIO13 and ARIO14, 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, themhnsiderable variation between the ARI013 and
ARIO014 NOZ2 differential voltage ranges (grey regions in Ri§g-h), despite having identical
collocation periods. Further, the raw CO sensor data for all three monitors showed much less inter
sensor variatin (grey regions in Fig2.5d-f), even despite the shorter collocation period of
ARIO15. This intersensor variation, which appears largest for the NO2 sensors, may partially
explain the lower performance of this gas sensor group during calibration nesteimance
testing, compared to the other gas sensor typesaRig.
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Figure 2.5: Bivariate distributions of gas sensor calibration model data inputs (RH, T, and Ox, C
and NOZ2 differential voltage) for each ARISense monitor using kernel density estimation. De
reflected in the color scheme; Darker colors indicate morepdatés in that region. Training data collec
during collocation in North Carolina are shown in grey; data collected during deployment to Ma
shown in color. ARIO13 was deployed to the Village 2 site, ARI014 to the Village 1 site, and AR
the University site. Regions where the deployment distributions overlap with the NC coll
distributions indicate the regimes for which the calibration models were trained. Regions w
deployment location distributions extend beyond the NC cdilmtalistributions indicate regimes wh
the calibration models must extrapolate to estimate pollutant concentrations. These regions are
by overlaid markers 6x06 and 6+6 and are dis

There were notable regimes in Malawi thajueed the calibration models to extrapolate
beyond NC training conditions. N@ifferential voltage responses in NC and Malawi did not
completely overlap (Fige 5¢i), especially in the lowconcentration regime (i.e., V near 0 mV)
which was more frequeimt Malawi. The collocation site in NC was 10 m from ala8e freeway
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(Saha et al., 2018herefore NQ concentrations were higher than in rural Malawi where vehicles
and industry are rare. However, for ARI014 in Village 1, there was a highgrdd@onse in the
deployment environment compared 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 (FigA.17). Figure2.5e 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 regi me i 8be.dTais differende was congistentdvithd o n
observations of nearby sources (Rdlc-d). ARI014 was deployed in more densebypplated

Village 1, adjacent to more biomass cookstove activity than ARIO13 or ARIO152E®m). In
general, we expected higher CO in Malawi than in NC, where biomass burning is less common
and emissions from other sources (e.g., vehicleg)ariolled by strict federal regulation.

The Q differential voltage ranges were the most dissimilar between the collocation and
deployment environments. The most frequent regimes, the heaviest shaded regiors5a€ig.
did not fully overlap for anyf the ARISense. In NC, the relationship between theséhsor
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 betweese@sor voltage and temperature did
not always hold in the deployment sites. FigRiBac shows a high temperatui@v ozone regime
i n Mal awi (regions denot ed ithe N& daba+Furthenafar &lle r ) t
three Malawi sites, the minimumy®ensor voltages were loweflQ < 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
calculaed 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 prod{@genonrnegative concentration
values and (b) diurnal trends consistent with our-fiestd observations of nearby emission
sources and their timing, previous observations of diurnal trends in regions with widespread
biomass cookstove ugPionisio et al., 2010; McF&ne et al., 2021; Subramanian et al., 2020)
and knowledge of atmospheric chemistry. Nutysical predictions from a given model may
indicate that differences between the collocation and deployment environments were too large to
extrapolate and theref® 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 modelioazheg. This
analysis can contribute to our confidence in the estimated concentration values and trends but
cannot address or estimate the quantitative error. Diurnal treriélgure 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 anHDMR models also predicted similar trends, but frequently predicted
negative values
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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 highesterency across model predictions and were rarely
nonphysical (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 examp]ehe village monitors were adjacent to widespread household biomass cookstove
activity, coincident with the concentration peaks seen in the diurnal Tatadiurnal cooking
pattern was observed in both CO and @¥Zdata (Fig2.6 and Fig.2.7, respectiely) at both
village sites and was measured in complementary emissions monitoringGhagé€r 4. Further,

ARIO014 was in a more densely populated village than ARIO13, contributing to higher CO peaks
(Fig. 2.1c). The QR model overestimated CO peaks caeghao other models for the Village 1

data, likely because the model training set did not include high concentration daga5@jignd

the quadratic term was not well constrained. Despite the calibrated CO measurements in Malawi
being higher than the noentrations experienced in N@articularly 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 tha¢nker
response is expected to be linear up to 500 ppm (Alphasense, LTD., 2019), b) RH/T interference
induced on the C@4 sensor, approximately 0.2 mV/pfitewis 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 trendsonaoéntration

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 (otteer QR) could reliably extrapolate beyond the
training data limits to provide reasonable measurements in the deployment environment.

The calibrated NQdata showed less coherency than the CO datatrid@ds 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 collocati®tNN and RF hybrid, suggested that mean ambient
NOy levels in Malawi were low (< 15 ppb). Weave lower confidence in the calibrated NO
measurements in Malawi for the following reasons: a) the calibrated observations (5 to 20 ppb)
were on the same ordefrthe noise level reported on the sensor specification sheets (15 ppb) and
b) the lack of coherency observed between model predictiomsambient NQ levels and a lack
of representative data in the NC collocation data likely contributed to thephyanal
concentrations predicted by the models in Malawi.

The calibrated ©sensors performed the best during collocation testing compared to the
other gas sensors, but in Malawi the calibration models frequently returngzhysical values
and showed incorsent annual diurnal trends between the models and across the-sites.
ARIO14 and ARIO15, the &rends were consistent in shape and magnitude and were aligned with
the expected diurnal trend (i.e., peaking at midday). Peaks in the mean concentratioetween
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10 and 30 ppb, plateauing from 10 AM and 3 PM local time. The RF hybrid model at the ARI0O15
University site estimated thes@eak to occur earlier in the day compared to the other models and
sites. This may be the result of a spurious relatigrisiiween @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 aftdbecember 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 middaly).G9 data collected
before December 2017 resulted in reasonable calibrated values and trends1@igNotably,

Oy data collected after December 2017 corresponded with the high températwzone regime

(Fig. A.19) shown in Figur@.5a-c. Despite he Q 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 processasd multiple precursors, the ambient conditions that increase or decrease
ozone formation in one region may not hold in another environment. Although the calibgated O
sensors performed better than the other gas sensors in NC, the models were tunet dbr a s
conditions that did not hold in Malawi.his suggests that for thesg €2nsors and these modelling
approaches, a lack of environmentally similar collocation data compromised our ability to reliably
interpret calibrated @measurements in this specific deployment environment.

2.3.4 OPC-N2 performance during deployment

To evaluatelte longterm performance of the OPM2 during deployment in Malawi, we
examined the representativeness of the collocation conditions for the full year of conditions
experienced during deployment. Figuef0-A.21 show normalized histograms of the T, RH,
and PMbs mass concentration observed during the collocation and thgetaildeployment in
Malawi, suggesting the two data sets spanned a similar range of environmental conditions.
However, the collocation occurred during the cool, dry season, and Rlfmanamd maxima
(regimes associated with deficient performance during collochsee Sectio2.3.2) were more
extreme during the 1 year deployment in Malawi.
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Figure 2.7: Diurnal trends of théntegrated mean PM2.5 mass concentration measured by th&\@i
each ARISense at each deployment site (left axis) and the annual relative humidity at the Ville
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Figure2.7 shows thennual diurnal trend of the mean PMmass concentration, with 1
sigma prediction intervals, using houdyeraged, RFtorrected data from each deployment
location. Peak Pk 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.Figure2.6 shows that the diurnal trends of ambient CO (another pollutant emitted by
biomass burning) were similar to the PMliurnal trends at eachts. Again, the largegieaks
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-RPC
measurements during this period. Afternoon amekrnight means, coinciding with drier
conditions, were similar across all three sites and prediction intervals were narrowest during
afternoons. Data from the more remote locations (ARIO13 and ARI15) suggest background
concentrations of Pikin rural Mabwi were low (5 to 15 pg i), but the OPEN2 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 thBIZ2DPC
sensorswas sufficient to identify nearby source activity and indicate periods when ambient
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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 additionatsitu 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 (MERRRAn our study region. We
confirmed that all three data sets reported similar annual qualitative @aéhdsigh 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 t@ @ NO.

Figure2.8 shows the mean monthly CO from the University (ARIO15) and Village Mean
(average of ARIO13 and ARI014) sites compared to that from tweameaged remote sensing
products: CO surface mixing ratio from MOPITT and CO surface concentrationMiERRA-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-bhaming (Dec to Jul) seasons. November and
August were excluded from either description (peakimgr or norburning) 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 seas@ieman et al., 2021§b) Aug and Nov mark the beginning and end

of the fire season, respectively, therefore cannot be consideredunadng months, (c) the
exclusion of Aug and Nov better captures strong seasonal differences, providing a measurable
benchmark to compare the aldite and surface data, and (d) ARISense data for the Village sites
was unavailable for Nov 20X8ee Sec®2.3.7 - on difficulties in deploymentJhe MERRA?2 data

set was complete for the full year of interest, but MOPITT was missing data for the Wiksoe

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 MERR2Z, especially in the peak tming season.
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Figure 2.8: Monthly carbon monoxide (CO) concentration (ppb) reported by the surface ARISense
box plots) and remote sensing data products (lines and markers indicating mean monthly value)
Village Mean and (b) University sites. Top and bottom of bamdicate 75th and 25th percentiles, whis
show 9th and 91st percentiles, midline indicates median, and stars indicate mean. The ARISen
data were at least 80% complete for each month except where noted with a percentage text labt
July 2017 and July 2018 were averaged. Village Mean represents the average of ARI014 (Villag
ARIO13 (Village 2) data. The annual mean from each data source is given on the right axis.
(Multispectral CO Surface Mixing Ratio Daytime/Descendisg satellite measurement; MERRACC
Surface ConcentratioENSEMBLE) is a global reanalysis product.

All three datasets (MOPITT, MERR2, and ARISense) indicated that annual mean CO
concentrations were slightly higher overall at the University saa &t the Village site, although
this was less pronounced in MERRASIimilarly, all three data sets showed increased ambient
concentrations during the peak burning season compared to #iimong season at both sites.
For ARISense, MOPITT, and MERRA observations, respectively, peak season means were
larger than no#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, thedative increase at both sites was only about 50% of thdumering season
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mean, while MOPITT and MERRR reported increases of 125% and 75%, respectively. This
could be explained by ARISense proximity to sksathle combustion activity not resolved by
satellite imaging. Satellithased 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 wedhry biomass
cookstove emissions, which presumably remained consistent throughout the year, showing a lower
relative seasonal increase during the peak burning seasamti@tivedisagreement between
surface and remote CO observations was highest dthidpurning 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 flmrning periods, but during the peak burning
season this difference shrankdasimilar 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 Umksity 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 MERRA2. We found differaces 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 MERRAR. Differences between MOPITT and MERRAwvere smaller (30 to
35%).There are few comparableudies 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 grodrased CO measurements and Aura satellite
observatns at Cape Point statigoihir 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(Binicizholz et
al., 2017; Emmons et al., 2004, 2009; Yurganov et al., 2008, 20a@gver, these studies found
negative satellite bias when intense biomass plumes affected obsexvati@m 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 trgploere, potentially explaining differences observed
between the ARISense and remote sensing observations in this study.

This comparison of lovcost sensor surface data, satellite observations, and model
estimates in Malawi suggests each of these ressucan give consistent information on
gualitative, longterm trends in a region without groubdsed reference monitoring. However,
because of inherent differences in spatial and temporal resolution, each observation will disagree
in magnitude.Satellite etrievals and reaime surface measurements do not result in directly
comparable quantities. Satellite data are collected as adailgeflyover observation, averaged
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over a ~12,000 square kilometer area (corresponding to 1° spatial resolution). &stcahe
ARISense data were 1 min resolution, fixa@te, longterm point measurements at the surface.
Further, the ARISense data were collected near visually identified biomass emission sources and
were not representative of background conditions. Medawthie satellite observations provide

an estimate of regional background conditions. Despite these differdre88OPITT, MERRA

2 and ARISense data sets agreed on thetieimy seasonal trends present in this region, and even
corroborated sit¢o-site dfferences (e.g., higher mean CO at University compared to Village
Mean site).These findings suggest the ARISense captured syrsgdie 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 fox, M@ 15 ppb for @and 240 to 330 ppb fCO,
depending on the sit&urface 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; McFaraade 2021; Nthusi,

2017; Scheel et al., 1998; Subramanian et al., 2020; Toihir et al., 2a0&¢ver, comparison of

Oz concentrations suggested the calibrated ARISense observations underestimated actual
concentrations. ARISense NGbservations were similar to two other stud@simas et al., 1999;
Laakso et al., 2008)but overall, there is little comparable data available to assess NO
concentrations idfrica.

ARISense CO observations were similar to regional CO concentrations in Central Africa
(measured by aircraft), found to be in the range of&BDppb (Delmas et al., 1999). A leterm
ambient study at the Rwanda Climate Observatory found a m@acoGcentration 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 urbsites (Subramanian et al., 2020), spanning the
concentration range we observed at our rural and-gdmn sites in Malawi.

Both studies of Rwanda found mean ambiesnt@centrations of 30 to 40 ppb (DeWitt et
al., 2019; Subramanian et al., 2020). Foia el ati vely <c¢cl ean backgrou
savannah in South Africa the annual median (July 2006 to July 2007) trace gas concentrations
were equal to 1.4 ppb for NO36 ppb for@and 105 ppb for CO0 (Laa
Background levels of NOand CO at this site were 2 to 5 times lower than the ARISense annual
means, yet backgroundz@as in line with the Rwanda studies. This suggests regional ozone
concentrations in Central and Southern Africa are presently abet@ ppb. The annual mean
ARISense @values were up to a factor of ten lower, however, we identified quality assurance
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issues in the calibratecs@alues, particularly for the second half of the deployment data, therefore
the ARISense data are likely to be an underestimate of thatnbient values.

This South African 0 c komentiationsaup tog fadonofd0 si t e
lower (1.4 ppb) than ARISense measurements in Malawi (Laakso et al., 2008), but aerial
measurements made during intense savanna fire activity in Cafrica found NG present in
the range of 4.0 ppb (Delmas et al., 1999). Together, these studies suggest that the ARISense
NOXx concentrations (@1 ppb) may be reasonable for our #imctkground, biomass emission
influenced sites in Malawi.

Notably, thecorresponding PM PMz.sand PMo median concentrations at the clean South
Africa background site: 9.0, 10.5 and 18.8 pg3mespectively (Laakso et al., 2008), were
comparable to ARISense observations. The annual median ARISenrseriReted PN PM s
and PMoconcentrations were 4 to 7, 6 to 10, and 13 to 20 udnespectively, 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 spéae, CO, NQ) were higher compared to
regional background levels found by other studies. However, given the high minimwfi cut
diameter of the OP®I2, this particle sensor would have been unable to detect ultrafine particles
emitted from biomass bumy. Average ambient PM concentrations (measured with an
Alphasense OP®I2) were found to be 11 to 24 pg ffat various sites in Kenya, with higher
pollution episode concentrations ranging from 35 to 51 u§(Nthusi, 2017). Median ARISense
PMz sconcentrations 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 impacksofrass
cookstoves can result in higher concentrations of fine PM, which are difficult to accurately
guantify with the OPEN2. In all, although these comparisons are not a substitute for quantitative
evaluation of the ARISense in Malawi, they provideeadhmark for comparison and suggest that
the CO, NQ, and PM ARISense observations are reasonable for this region. At the same time,
they cement our conclusion that ARISense @servations are likely erroneous for this
environment.

2.3.7 Performance of ARISensesensor packages over time

Total data recovery for the 1 year deployment varied by site, season, and sensor, with rates
ranging from 30% to 80% (Figh.22). Average recovery for the 1 year deployment was around
60%, with highest recovery at the Universsitje (80%) and lowest at Village 1 site (40%). Data
across all sites had the highest completeness (>70%) in thdrgddurJuly-Aug 2017 and 2018)
and the coolvet season (MaApr-May 2018). Data losses were mostly explained by power
outages, softwarailures, and sensor equilibration times required after a power outaga.@3y.

Power outages were common in the wavet season (DedanrFeb) due to insufficient solar
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intensity resulting from extended periods of heavy cloud cover. AARI®14 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 $hour long NO sensor tequilibrationtime, led to almost 0% NO data recovery

in the second half of the deployment for Village 1. In adganty 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 slw to replace due to ongoing civil unré€3ihe Guardian, 200), resulted in
significant data losses in the hot, dry season (©gptNov) at the two Village sites. Individual
sensor failure was rare, but two months of ARIOl4d&ta were lost to electrochemical sensor
drift and one OPEN2 (ARIO13) failed in thdast 3 months of deployment due to an insect nest
clogging the OPEN2 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 (ARIOE4)ure deployments
should includeinsect 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 timetata 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 thienfiath (July 2018) of the
deployment, given that ambient environmental conditions were similar in July of both years
(additional details i\ppendix A1l). It is not possible to know if the range of gas concentrations
were significantly different betweeluly 2017 and July 2018. We explored this analysis on the
assumption that inteannual variability in ambient concentrations was mininBilvariate
distributions of the raw differential voltage readings from July 2017 and July 2018 showed that
the most frquent observations (i.e., heaviest shaded regions) were approximately the same in both
years (FigA.25). Observable differences in the voltage measurements could be partially explained
by known environmental differences. For example, thegdsor voltagein 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, particularlygiNO sensors in ARI013 and ARIO15 and the CO sensors in
ARIO13 and ARIO14. 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 inthe sensors. Diurnal plots from both years showed that the raw mean voltages and
trends were consistent (Fi§.26). However, again the most noticeable differences were in the
individual CO and NO sensors identified from the bivariate distributions. ¥an@e, 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 Whithout 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 sgstatic 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 éatb, 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 rawx@ersor trends in 2018 and 2017 were consistent for all
the ARISense (FigA.26), the KNN hybrid model calibrated @ata were highly irregular between
the two years (FigA.27). For example, the calibrated @ata for July 2017 showed the expected
diurnal patern (concentration increasing with solar intensity) with plateaus between 15 and 40
ppb, depending on the site. Yet in July 2018, although the sashuthal data looked similar to
2017, the calibrated data for ARI013 and ARIO15 showed -tiooe values bieveen 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 @sensor voltages were similar year to year while the calibraiedl@es were
not, provides further evidence thaetlack of comparable T/RH/ozone collocation data contributed
to the norphysical Q trends observed during the second half of the deployment at the ARI0O13
and ARIO15 sites.

Before their return to NC, ARI013 and ARI014 were used fordaigcentration emgons
monitoring experiments after the one year ambient monitoring campaign was completed (Table
2.2). The reference monitor data from the padsployment collocation in NC (Aug 2018 to May
2019) were intended to enable investigation of changes in ARIO@3ARI014 raw sensor
response and model performance. However, the resulting data instead demonstrated that sensors
had been severely degraded during the-oigicentration exposures. In the posliocation data,
theraw differential voltage gas sensorpesses in ARI013 and ARI014 were well correlated with
each other (R= 0.7 to 0.9) (excluding the ARI013x@ensor which was clearly degraded: Fig.
S28), but less correlated than during thequkocation comparison @= 0.9 to 0.99). To facilitate
comparison with the preollocation performance metrics shown in 2@ and Table#\.4-A.6,
the performance nteics for the postleployment collocation are given in Talflell andA.12.

Despite showing intesensor consistency, the raw differential voltage sensor measurements (other
than CO) made by ARIO13 and ARI014 were poorly correlated with reference meastsr&amp
A.29-A.30). Inspection of the time series showed that the ARISense NO sensors tracked some
spikes in the tim@aligned NO reference data, but the NfDd Q sensors did not track reference

data trends (FigA.31-A.32). The time series of the difemtial 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 ga®\(8ig. This may explain why

the sensors in ARI013 andRA014 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
aberrat features (FigA.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. Exceedinglychigtentrations 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 -@érgenh species
emissions. Further, if there wergh concentrations of fine volatile PM permeating the inlet and

flow line, it could condense and block or attenuate the sample flow rate.xTNO©ONQ sensors

were permanently altered bye biomass burning emission experiments in Malkaiding to poo
performance during posteployment 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 unabke ttee post
deployment collocation data set to quantitatively assessténgmodel performance. The partial
exception to this was for the KNN hybrid calibrated CO data, which was correlated with the
reference data @R= 0.5), suggesting that the CO sers 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 requictsdata quality
procedures to ensure the conclusions drawn from the resulting data are valid. Performance
assessment in NC suggested the calibrated ARISense sensor packages (excludingeheddO
would be suitable for supplemental air monitoring, dase U.S. EPA metrics and target values.
However, performance during the pteployment NC assessment did not reflect performance in
Malawi. For this deployment site, we found that detailed information about nearby sources and
their diurnal emission pattes, ambient meteorological data, and a familiarity with air pollutant
behavior were helpful when qualitatively assessing LCS performance in a region where
guantitative assessment was not an option. A lack of coherency in diurnal trends between
calibrationmodel predictions and frequent nphysical 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 deploymeonerarnt. For
example,although the @ sensors showed the highest performance of all sensor types during
collocation testing, and the measured RH, temperature, andli@ge ranges were similar in the
collocation and deployment environments, the calibr&edata 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 coufhvecontributed to the deficient performance of the calibration models
in the deployment environmentVe 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 LCSrcétibratio
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 calilwedies 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
(Topal ovi i et al ., 2019; Lewi s . B&ondan Bnd wserr d s
perspective, the burden of calibratieasily 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
acros 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 packagéoged 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 pilat deployment also provided lessons regarding the design and deployment of low
cost AQ monitoring systems for edirid applications. The ARISense packages survived the 1 year
deployment to Malawi and enabled collection of a large, novel dataset, howeyeautfered
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 futurposeodaed
deployment efforts we suggest that the power sydiendesigned to allow for primary and
secondary data recovery goals (i.e., a bgellan to prioritize the most desirable data in the event
of insufficient power). Further, we were frequently restricted in troubleshooting and repair
operations by spotty ttalar connection, limited human resources, and our inability to remotely
locate and procure appropriate equipment. A repair kit with basic equipment (eg., 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 assistaraihbility 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 anefy@geployment (Fig.
A.26-A.27), assuming actual concentrations did not vary significantly from 2017 to 2018.
However, except for CO, repeated exposure to-h@icentration biomass emissions completely
degraded the sensors. Key manufacturer specificatialicated that the CO sensor was the most
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robust. The CO sensor exposure limit was forty times higher than that of tiNOQand NQ

sensors. Further, the maximum temperature and RH range for the CO sensor was 50°C and 90%,
respectively, and only 40°@nd 85% for the @ NO, and NQ 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 postdeployment emissions monitoring experiments, damaged the three less robust sensors
(NO, NG, Ox) and made them unsuitable for future Uste caution end users to carefully select

an appropriate sensor package given pilot information about the emissioesautbeir target

site.

A growing body of literature highlights the potential value of LCS technologies for Sub
Saharan Africa and other lek@source settingé&Subramanian and Garland, 2021; Wernecke and
Wright, 2021; Rahal, 2020; Sewor et al., 2021; Awokola et al., 2026)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 providingliable 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 soufetgan 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 andygassurance. 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 @& 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 netw@ukshler et al., 2021; Malings €ft,a
2019a; Kelly et al., 2021; Considine et al., 2021; Sahu et al., 208agurrently, policsfocused
researchers are helping to bridge the gap between governments and AQ scientists by creating
comprehensive frameworks which provide systematic proesdto establish regulatory AQ
monitoring networks in regions without thef@ulia et al., 2020; Pinder et al., 2019) the
meantimewe found support from local universities, which helped maintain the pilot deployment
of this LCS network. We expect that any AQ program in $8lAbenefit from building long
term, local capacity and knowledge transfer systems for trainirgjt@rstaff and for receiving
their feedback and guidance.

2.5Data & code availability

The basic random forest hybrid and quadratic regression model codes#able in the
supplemental information of the original manuscript (doi:10.5281/zen0do.1482011).-The k
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nearest neighbor, high dimensional model representation, andimesti regression model codes
are proprietary products of QuantAQ, Inc., contacti®&l. Hagan with inquiries.

The dataset used in this analysis is available as an-ampess Dryad depository
(doi:10.5061/dryad.cz8w9gj4n). The depository hostsppoeessed ARISense and reference
datasets from the pmeployment and posteployment clocations, preprocessed Ridorrected
OPGNZ2 and MicroPEM datasets from the Malawi collocation, and collated ARISense datasets
from the lyear deployment at each of the three monitoring sites in Malawi. Please contact the
corresponding author regardingwadata inquiries.
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Chapter 3: Long-term air quality trends in central and southern Malawi
observedfrom low-cost sensorpackages

3.1 Introduction

Air pollution in Africa leads to the premature death of about 800,000 people pavitrear
mineral desert dust being the main contributor, followed by industrial and domestic emission
sources and biomass burni@auer et al., 2019)Contained biomass burning sources (i.e.,
cookstoves) represent the largest anthropogenic sources:@f B open burning (i.e., wildfire,
agricultural field clearing fire, prescribédrnng, etc.) is the largest overall contributor to ambient
PM2sin Africa (Chowdhury et al., 23®. Relative to the rest of the worl8ubSaharan Africa
(SSA)is disproportionately affected by timapacts of air pollutiorirom biomass combustiatue
to increasingpopulationand urbanizationnear universal rates of househbidmass fuelise in
rural areasandextremepoverty (Shikwambana and Tsoeleng, 2020; Stevens and Madani, 2016;
Liousse et al., 2014; Amegah and Agensah2017; Abera et al., 2021hlowever, 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 requiceto operate and maintain a network of moni{@msegah, 2018; Petkova et al.,
2013) However, he absence of reliable data on air pollution levels has been implicated as a reason
that SSA governments have fotmally attempted to address the potentiallyseming air quality
conditions suspected in urban aréamegah and AgyeMensah, 2017; Awokola et al., 2020)
Given the lack of surface observationdefiie and model products are often used as an alternative
to study air pollution in Afric§dBauer et al., 2019however recent work has shown that satellite
observations (i.e., aerosol optical depth) #meir relationship to actual surface concentrations
perform poorly throughout SS@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 plannif{igetkova et al., 2013; Amegah and Agiensah, 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 developmieaedo growKatoto
et al.,, 2019)A network of ground sensors would also allow for the charaetigon of unique
diurnal trends and higresolution spatial patterns, which cannot be explored with satellite or
model data alone.

Recent work has supported the use of-tmst sensor networks as a means to affordably
collect reliable air quality datem 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; Gioodetnal., 2021)The advantages of
low-cost sensors may outweigh their shortcomings, depending on the quantitative and qualitative
insights they are able to provide. Ascase study to explore how portable and-tmst sensor
networksmight be used toduress the dearth of ambient measuremen&SiA we deployed a
temporary network of moderat®st 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 introdutie a four
monitoring location, present resuftem the full deployment period and discuss the performance

of the updated particle sensor (OR3, Alphasense UK, Ltd.) using evaluation data collected in
North Carolina in 2019.

We use the mulyear data recordlained during the monitoring period $pecifically
focus on characterizing CO, NOOz and PM.sconcentration 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 pollutan@hanges or peaks in the diurnal pateshPM and
COmay resuldue to increased dayme emissions (e.g., cars, stoves, restaurants(Atwokola
et al., 2022)Given that CQand fine PM aré&races of biomass burning, tlrediurnal patterns near
the rural villagesre expected to kwtrongly dominated by nearby emissiayenerating activities
(e.g, cookstoves), with larger pea#taring mealtimes. The particle sizes measured specifically by
the ARISensenonitoring packages we deployge.,some accumulation mode and mostly coarse
mode particles) are not expected to have a long atmospheric lifetiraefdre, a decrease in the
mid-afternoon is expected between the dominant cooking and commuting periods of the morning
and afternoordue to increased mixing layer height and removatgsees. Notably, given the
influence of RH on the performance of the GRZ/N3 (Chapter 2)the observed diurnal P
pattern is expected to mimic the diurnal pattern of RH. Hygroscopic particle growth under high
RH conditions (e.g., the morning when tesrgtures 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 B@s it is the most prevalent form iretatmosphere due to
anthropogenic activitie®J.S. EPA, 1999) In this work,we represent NOx as the sum of NO and
NO:s. In the rural, remote troposphere, such as itafig background concentrations are expected
to below (Section 2.3.6). Since NOXx is emitted from biomass burning, concentrations may follow
a diurnal trend that tracks nearby cookstove activity. Although because of the general lack of
industrial combustio 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
processesNOx is emitted mainly as NQcycling ketweenNO and NQ takes place irthe
troposphere on the scale of a mindieingthe daytimgnull cycle). Overnight, NO titrates ozone,
leading to reduced concentrations of béttnight, NOx is presenprimarily as NQ (Jacob;1999.

The presence of NOx allowsr theregeneration of OHwhich isconsumed during oxidation of
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CO and hydrocarbons, and concurrently provides a major source iof tBe troposphere to
generate additional OH (Jacdl®99. Further, bcal concentrationsf NOx could be affected by
long rangdransport ofts reservoir species PANvhichdeposits as HN®

Ozone (Q) is a ®condary pollutant that forms the atmosphere through chemical
interactions of precursor emissiooatalyzed byphotochemical actiwt For this reason, ozone
concentration are expected to beighest during the day when the sun is, wgth peak
concentrations slightly lagging peak solar intensity (high ndarthe nocturnal stableoundary
layer near the surfaca.€., thelocation of thes@ambientmonitors), ozoneis renoved overnight
throughtitration by NO andhroughdepositiorprocessesameaning 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 lowost sensor package network deployed in Malawi from 2017 to 2022.
We achieve this througlmé following objectives 1) characterize the performance of the patrticle
sensor during collocation with reference monitors in North Carolinasgess if pollutanténds
in Malawi are consistent with our expectation of emission trends and atmospheric chemistry
processes3) identify and characterize seasonal, daily, and annual trends and major sources of
pollution, 4) compare spatial differences asuhilarities between urban, background, and rural
trendsand5) investigate longerm trends over the mulfiear 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 fiveyear deployment schedule is giverFigure3.1. The
first fleet of ARISense packages (ARIO13, ARIO14, and ARIO15) were Version 1.0 (2017), also
known as the 01l egactodARiBendecpackageb IARIO24,ARI023,candf | e e
ARI024) were Version 2.0 (2018Y.ersion 2.0 added a GSM cell module and replaced the Ox
B421 with the OxB431 sensofAlphasense Ltd., UK)The third fleet of ARISense packages
(ARIO21, ARIO31, and ARIO33) wereomprised of a rebuilWersion 2.0modeland Version 3.0
(2019) , al so knowersios 3.0t répced thelOR@ dwithnano @REN3I
(Alphasense UK, Ltd.) and added a CO2 {RCsensor.
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Year 1 (2017-2018)  Year 2 (2018-2019)  Year 3 (2019-2020)  Year 4 (2020-2021)  Year 5 (2021-2022)
JASONDJFMAM J ASONDJFMAMJ J ASONDJFMAMJ J ASONDJFMAMJ J ASONDJFMAMJJ

Village 1 ARIO14 ARI024
Gas & Met
Particle
Village 2 ARIO13 ARIO23 ARIO31
Gas & MetI I . [ |
Particle
University 1 ARIO15 ARI021 ARI023 (rebuilt)
Gas & Met. . .
Particle
University 2 ARIO33

Gas & Met
Particle ||

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 $itglesl 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 = OPEN2/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 Al). For the third fleet, we develop@dir own solapower recovey and storage
system for use at the University sitesing 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)Ve continuedtousethemaif act ur er 6 s system at

3.2.2 Calibration modelling

Due to ongoing difficulties with the equipment manufacturer (QuantAQ, Inc.), instead of
using the kNN hybrid modelling approach discussed as the preferred modelling method in Chapter
2, weopt to use the RF hybrid mod@Halings et al., 2019ap convert the raw electrical signals
from the gas sensors to concentration units and control forseosgivitiegSection 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 0dh2@22.

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 @pes two optical federal equivalent method
(FEM) monitors (dmin 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 lpe@ted with an Hiine dryer to compensate for
optical effects introduced by changes in relative humidife. evaluate the performance of the
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OPGNS3 using these reference instrumehtsages and supporting figures are given in Appendix
B.1.

3.2.4 Deployment to Malawi

The four deploymentlocations the first three of which were described in 2.2v@re
selected to provide regional and spatial variation and to capture a variety of source enfigsions.
Village 1 and Village 2 sites in Mulanje were selected to monitor AQ in rural, residential
communities wherbiomass cook stoveare the primary souecofhousehold energyrhe Village
1 and Village 2 sites were separated by < 5 km. The-gdman University 1 site was selected as
a background site in a seimiral, nonresidential setting. However, some lighity vehicle traffic
was present along theljacent paved road (10 m away). This site w@85 km northwest of the
Village siteslocated on thagriculturalcampusof the Lilongwe University of Agriculture and
Natural Resources, roughB0 km from thesprawling, urbancapital city of Lilongwe. The
University 2 site added later in the deployment periadis 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 exposedntssions from vehicle traffic
(light and heawyduty), commercial activity, and industry. The University 2 site was three stories
above ground level; the other monitoring sites are no more than 3 metersSSagllite magery
andimages of the ARISense e University 2 sitare given imMAppendix B2.

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 summeR020. Due to the COVIEL9 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 2021and 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 Z022timeline of deployments
and data recovery is shown in Figure 3.1.

3.3Results
3.3.1 OPC-N3 performance

In Section 2.3.2, we evaluated the performance of the older sensor modeN@RC
Malawi. The OPEN3 has more bins at larger particle diameters than the lP@odel, meaning
it can see larger patrticles, but is not expected to perform any thettethe OPEN2 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 ambidPl. s concentration and the relative humidity measured by each of
three ARISense and the two FEM instruments during thdaspcollocation are given in Appendix
B. First, we compare the two FEMs and the three ®BB@nstruments to one anoth&igure3.2
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shows scatter plots comparingh mean concentration from each GRB. ARI023 and ARI033

were most similar to one another, while ARIO31 slightly overeséthabncentrations compared

to the other twaunits Nonetheless, linearity R= 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 higdnd clse to the U.S. EPA target value of < 30% (assessment metrics
and target values first described in Section 2.2:83ll, this suggests we should not expect to see
large performance differences between the three units during the collocation, and lateahevhe

units are deployed to different locations, we can assume that differences in their measurements are
due to actual sitéo-site differences and not differences between the sensors themselves.
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Figure 3.2: Scatter plots of the ORN3 in ARI023, ARI031, and ARIO33 compared to each other during
the collocation in NC. The data ardhf.averaged (N=150). The linear regression fit coefficients (y = mx +
b) where m = slope and b = intercept, and the coefficitdetermination (B are given. The coefficient

of variation across all three sensors is given as the CV.
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Similarly, Figure B4 shows a scatter plot comparing therimean concentration measured
by each FEM. The GRIMM EDM180 is typically equipped waih intline 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 thel@IRl overestimating the Teledyne API T640 (slope = 1.3,
intercept = 0.67, andR= 0.55). Given this, we opted to use the Teledyne T640 to evaluate the
OPGNS sensors.

The mean, maximum and minimum concentrations (as measured by the Teledyne) were
8.2, 143, and 3.4ug 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 ORG sensors overestimated the FE@ncentration
overnight and underestimated the daytime concentrafieigs B.3). The maximum OP®3
concentrations (84.1, 205.5, and 114gt m?) were clearly driven by the high overnight RH
conditions. These findings were consistent with the ®R(erbrmance findings in Chapter 2.
The sensors overestimate significantly, and their performance is more variable, at high (>70%)
RH conditions. Further, given that high miniment-off diameter of the OP®I3 (0.38 microns),
these sensors were likely unabledetect 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 B)oncentrations measured by the GR& sensors (10.4, 10.8,
and 2.7 ug n) for the collocation period were within BD% of the reference.

To attempt to correct the data and improve the performance of theNQP@e applied a
bin-wise RH correctior{Di Antonio et al., 2018)Figure3.3 shows the Jhr and 24hr averaged
uncorrected and RH corrected data. RH correction did ti improve the performance. Though
it did bring down some out !l i ®Hdata, leadingthd GRPE pus h
N3 sensors to underestimate the reference for the collocation periedoriRddted collocation
mean concentrations (45.0, and 6.5ug n°) were 3675% lower than the reference mean.

50



70+ 251 1:1.~
601 20 100
N"h 507 ‘?; ‘ 80
S 15-
2" g
E;g. S S < E: 10 o g
o 204  Cle®c 0 LT o 40
.......... 5- .
10 3 c® 2
) 24-hr avg
07 I-' T 1 0 - I- T T T T 1
0 20 25 0 5 10 15 20 25
Teledyne APl T640 PM, 5 (g m-3) Teledyne API T640 PM, 5 (ug m's)

Figure 3.3: PM;sconcentration measured by the OGR@ instruments and the Teledyne T640. Data ¢
1-hr averaged and b) Z# averged. Grey points are uncorrected data and points colored by t
humidity (RH) are RFcorrected. A ongo-one line is shown as a black dotted line.

Similar to findings of the OP®I2 performance evaluation, we found that increasing the
averaging interval did the most to improve the @REperformance. Roughly half of the-b4
averaged corrected data and half of the uncorrected data fell close to the 1:1 line, suggesting that
the most RHmpacted data was improved by the correction, ehgthe data originally collected
in drier conditions did not benefit from correction. Together, this suggests that ordgrirddting
the data collected in high RH conditions (and increasing the averaging interval) may result in the
best data quality frorthe OPGN3 sensor.

For the remaining sections of Chapter 3, we preliminarily show all-0Clata as
uncorrected, partially because we are unable to evaluate the performance of the uncorrected or
RH-corrected data in the deployment environments, andapaftecause we focus the results on
heavily averaged and aggregated data, rather than theimighesolution data for which the
interpretation of the results may be more impacted by temporal changes in RH conditions. Future
analysis may implement a piat RH correction method wherein only data collected at RH > 70%
are corrected. Lastly, as a reminder, ARIO31 has a high relative bias compared to the other two
sensors, so this should be considered when interpretingZI218findings from the Village &te.

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 @ompromised 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 usekigure 3.4, we show all the data recovered
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but inall othercases we apply a data completeness requirement of 75% when showing averaged
and aggregated data. For example, for diurnal trends, we reqaiirat tieast 45 minutes of each

hour be present and for annual averages, there must be at least 274 days of data available for the
year.
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Figure 3.4: Monthly mean temperature (°C) at the fauwnitoring sites in Malawi for the full deploym:
period. The shaded boxes indicate the 95% confidence interval in the mean. No requirement w
data completeness in this figure.

Figure 3.4 showswhen we have datkom the deployments at all fowgites 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 Bites and replaced the units with the third
fleet of ARISenselIn the thirdyearwe used the manufactureroés sol
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. Tis¢ longe
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 serss The NO sensor has a long warmtime
after a power outages€e Section 2.2.3), so data recovery was lowest for this measurement.
Further, sensor failures were not uncommon, for example theN2ZP& the Village 2 site failed
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in the latter half of thdirst 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 trentlsngderaturerelative humidity,
wind directionandwind speedNote that the ARISense nmmaes 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 witlvidely available climatology datéFigure B.§. 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
DecembelJanuaryF e br uary ( DJF) represents the fAsummer
equator, Malawi has a subtropical climate whidescribed 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, resultiags@asonal increase in air
pollutant concentrations.

Diurnal andmonthlytemperature and RH trendse 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 trendsross the sites were similar, though the University 2
site had slightly lower temperatgré¢han the other sites, with the diurnal treegking slightly
later than the trend at the other three sites. The temperature setmARISense 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 sik@s 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 constentmonthlytrends (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 forthe full monitoiing period.Data werenourly averaged anekquired to be at least 75% complete.
AHour o represents the hours past midnight.

Figure 3.6 shows ind conditions varied across the sites, but the mean wind speed for all
sites for the full monitoring period wasetween 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 hd 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 ieteilages. The
village sites also had the highest percent age
together suggesting the villages were more likely to experience extreme wind conditions (i.e., no
wind or fast winds).
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Figure 3.6: Frequency of counts by wind direction (%) the four deployment sites compiled using
from all yearsThe units are in mplThe data were hourly averaged and required to bectinplete

3.3.4 Pollutant trends

In this section, we discuss the characteristics and diurnal trends of the measured pollutants
(CO, NOy, PM:5) at each siteFigure 3.7 shows meanidrnal trends othe CO and®Mzs mass
concentratiorat all four sitesThere are clearly visible peaks around mealtimes due to widespread
cookstove activity, especially at theldpe 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 duringestmes
were simila at both Village sites (~275 pplgndabout 50 pplhigherthan midday concentrations
at the university sites. However, overnight background CO concentrations were similar across all
four sites. PMsconcentrations were higher overnight at Village 2 carag to the other sites.
This could partiallype due to sensor differences seen in the @Ccollocation. The Village 2
site also had two morning peaks, the larger of which occurred earlier than the corresponding CO
peak and all Pl¥ls peaks at the otheitss. This could be due to increased RH which tended to
peak at the same time (FB5). 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 theqmiéocation in NC. Not accounting for the impact
of RH, morning peakef PM2swere about 1.5 to 3 timdsgher at the village sites compared to
the university sites. These results suggest background concentrations=oh PMal Malawi are
low (5-10 pg m?®), but the OPEN2/N3 cannot reliably quantify peak concentrations that are likely
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high and variabledepending on the nearby sources and covariance with ambient meteorology
(RH).
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Figure 3.7: Diurnal trend of PMsand CO for all four sites for the full monitoring period. The data
hourly averaged and required to be 75% completelour 6 represents t he

Figure 3.8 shows the diurnal trends of NO, N@nd Q for the sitesOverall, we have
lower confidence in the £and NOx observations compared to the calibrated CQamtiiscussed
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 expecationsUItimately, the ARISense observations suggest D1 15
ppb on average) anck@oncentrations (16 35 ppb) are low to moderat®asedon photochemical
indicators, the @chemistry inrural Malawi near the village sites likely NOx-limited asNOy is
lessthan 20 pplgMilford et al., 1994; Sillman, 1995As expected, NO and N@enerally follow
opposite diurnal trends, consistent with the expected atmospheric processes. The sites show a peak
in NO in the morningconsistent with the CO and B¥morning pak. The sites also mostly show
the expected diurnal trend forsQhoughthe University 2 peak lags the other sibysabout two
hours The concentrations themselves also differ across sitésthe highest concentraions at the
University 2 siteThoughwe are missing NO data from the University 2 site, this urban location
likely has the highest NOx concentrations, which would contribute to highesr@entrdons
Differencesin Oz concentrations across the sjtparticularly at the University 1 siteiere likely
attributable to model artifactdnferences from this sensor and model should be interpreted
cautiously given the findings of Chapte(sze Section 2.3.3.2)
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Figure 3.8: Diurnal trend oNO, NG, and Q for all four sites for the full monitoring period. NO data were
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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 andRhnual temperature trends, summarized in Table
3-1, were similar year to yeaht the University 1 site, the annual nme@mperature and relative

humidity were nearly identical in 2018 and 2020, but the annual mean d®kicentration was

slightly higher in 2020. Even assuming 20% error in the ®RGneasurement, both years were
y wi t hi ndardiaf 8ugmiPi(lé/rsmeanilimit). qu al i ty

techni

cal l

stan

Table 3-1: Annual mean PMsconcentration, relative humidity, temperature, wind direction, wind speed,
carbon monoxide, nitric oxide, nitrogen dioxide, and ozmreentration at each site for the years data are
at least 75% complete or high®&lO data were only availabfer the yeas 2017 and 2018.

PMzs | RH | Temp | WD | WS | CO NO NO2 | Os

Site Year | (ugm®) | (%) | (°C) | (deg)| (mph) | (ppb) | (ppb) | (ppb) | (ppb)
UNIVERSITY 1 2018 4.9 52.1| 25.7 197 9.9

VILLAGE 2 2018 50.4| 26.1 | 311 | 9.3 |274.1 5.0 6.6 | 15.1

UNIVERSITY 1 | 2020 6.5 |542| 250 | 139 | 1.2 |213.2 9.2 | 24.0

UNIVERSITY 2 | 2020 55 |586| 236 | 40 44 | 228.6 6.5 | 28.7
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Comparing University 1 to the other sites for the sagmars, 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 folicnate that
such a large geographical featawan 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 meap d@kcentration was slightly lower at
the University 2 site (5.5g m®), but the CO and ©concentrations were slightly higher. The
annual NQ concentration at the University 1 site was higher, likely due to being immediately
adjacent to a roadway and vehicle emissions.
quality standards of 30 pgbr NO> and 80 ppb for oxidants {lear 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 limitshflor 8hr) for NG, CO, or Q. As an
important caveat, these are not refereggality measurements and should be used for
informational purposes only, not for official regulatory purposes. Fampbg a 2014 study in
Blantyre reported a few occurrences of exceedafdepoma et al., 2014)They found no
exceedances of the CO limit but did note thatN@d SQ 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 ndyurning seasons, the wet and dry seasand even weekday and
weekends.

3.3.6.1 Burning and non-burning seasons

Figure 3.9 shows that monthly pollutant trends were consiat¥ossall four sites. The
hot, dry seasoburning seasohad the highest pollutant concentratiafighe year, likelydue to
transport of regional emissioff®m widespread land clearing throughout the region. The burning
season peaks in September and October, with August and November being the shoulder months
(Chapter 2)PMzsconcentrations increased as early as June ivillege sites and peaked in
September.
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Figure 3.9: Monthly trends ofPM.sand CO concentratiomt all four monitoring sites fathe full
monitoring periodData werehourly averaged anequired to be at least 75% complete.

Non-burning monthly mean concentrations were more similar across the sites, spanning 3
to 8 pg mi® from December to May. From August to September, mean concentrations spanned
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from around 9ug ni3 at the university sites up to 30y m? at Village 2. The mean PM
concentration in September in Village 2 was twice that of the university sites. In the village sites,
emissions from increased local activity, supeposed on top of the regional iease in
background concentrations, likely explains why the village sites had largebunoimg and

burning seasonal differences than the university sites. A similar seasonal trend can be seen in the
carbon monoxide data but the concentrations betweendiburning and burning season and
between sites are not as large as the Ridta.

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 RPAtoncentration for eacsite for all four seasons. The BM
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. DiurnakB&hds across the sites were most
similar in DF, when Maawi receives the highest average rainfdlhe 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).
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Figure 3.10: Diurnal trends ofPM.sand CO concentratiorat all four monitoring sites foeach of th
four seasons. &ta werehourly averaged angquired to be at least 75% compléteddo ur 0 r e
hours past midnight.

Atmospheric removal processes (e.g., particle scavenging by raindrops) and possibly even
reduced outdoor cooking activity may all contribute to lower meansRbient concentrations
in the wet seasons compared to the dry. Conversely, the evening CO cookirag feavillage
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 &€ 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 expectetb 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 GOamNC5Q
concentrations were highest in the wet season compared to dry season.
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3.3.6.3 Weekday and weekend

At the University 1 site, turly mean CO concentrations from 8 AM to 5 Rddal time
were 50 to 100 ppb higher on weekdays (M) than on weekendsS@tSun). 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 weekdagekend differences, however mean daily
ambient PMs concentrations werslightly higher (< 5 pg r¥) 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 cookingemission 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 i @S Aiel
cycle has been used as a model input into a regional air quality model (Glotfelty et al., in prep) and
to update a GEOEhem model (E Marais 2021, personal communication, May 14). The cycle
was given aghe average fraction of the total daily Gitted in each houfTable B1). The
average of thdiel cycles fronVillage 1 and Village ZnYearlwas used t o obtain a
Both data sets represent amaal average, however there were substantial datairgéps dry,
agricultural burmg monthsvhich may bias the site average diel cycle.

3.3.8 Sourceinfluenced and background periods

In this section, we airo isolate periodef sourceinfluencede mi s si ons from Oba
levels The basis of this analysis relies on usnagérs of biomss burningi(e., CO and finePM)
asi ndi cators of per.The @sconoehtrativfivasmasticdrrelaed vikdatd o n s
from Bin O of the 16bin OPGN2 (R? = 0.3 at both Village sites), compared @ay other
measurement of PM (e.g?M25, Bin 1, Bin 2, etc.)given by the OP@N2. Bin 0 nominally
measures aerosol diameters from-320 nanometers. Aerosol size distributions measured from
biomass burning emissions indicate that particles with diameters of this size are rare; they are
usually mucksmaller (5680 nm).Figure 3.11shows aks in the diurnal trends of CO and Bin O
were aligned around mealtimes, whereas peaks wsBdhcentration slightly preceded CO peaks.
The evening Pspeak is likely lower than the morning peéikely due to laver ambient RH in
the evening compared to the mornikgg(re 3.5.

62



1 1 1 1
1200 25 . . ! : 12 : : ; :
- 450 UNIVERSITY
25 VILLAGE 1 VILLAGE 2
- = — CO - 500
,9- - 1000 _ 20 — (B:oo - 400 _ 10 wine Bin 0
E ol Bin 0 ) in 2
32 - 800 5 15 al|3
s 8 -350 0|8
>, K 3|
g 16 - 600 2 10 EE
@ £ -300 ~| |5
10 - 5
400 L 250
T T T T 0- il r r .
5 10 15 20 5 10 15 20 5 10 15 20
Hour of day Hour of day Hour of day
100 " » -
- 400 35 460 r 1‘ ﬁvggsm
L 440 joym—PMys 16
5 800 80 VILLAGE 2 ® '
2 2 ||8& 350 — CO o||g 204 r4 =
£ 7004 VILLAGE 1 =|le PMys r2s Z||& 400 7 , =
(o] co Feo o o o ! B 12 !
© 600 PM, 5 = |lo Lo =3 =
s S |[2 3001 & || 380 Lo &
= 500 I 40 e L 31|18 3
< 400 i 15 Zef |2 360+ F8
250 10 340 L
300 G ¢ °
320 S, A
T T T T T - - : -5 4 r v et : 4
5 10 15 20 5 10 15 20 5 10 15 20
Hour of Day Hour of Day Hour of Day

Figure 3.12: (Top) Diurnal patterns of CO concentration (right axis, solid line) and Bin O counts (lg
dashed lined) at all sites. The average value of both concentrations is shown as a limerdunrtile
rangeis shown as shaded fill (darker fill corresponds to CO; lighter fill corresponds to Bin 0). (E
Diurnal patterns of CO (left axis, sollthe) and PM2.5 (right axis, dashed lined) concentrations
sites. The average value of both concentrations is shown as a line. This figure uses CO data ca

the QR mode(Section 22.3).
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The ratio of the raw CO sensor data (CO_we) td3ilne0 count data shows promise as a
method to separate sousicdéluenced and background data. CO and fine PM atenaitted from
biomass combustion. When an emission source is nearby, the size distribution of the ambient
aerosol will shift toward Bin 0, greasing 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 OPN2 is measuring background aerosol, the number of counts in Bin O
will be smaler 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 O6cutoffdo value of the rCO _fWEd Bgend asatad boa
( BG) and periods below the-i mfatuenwoweaddade( Qlr)e. f
timeseries of this souresmeparated data is shown in Figure 3.12. The Sl periods identified at each
site occur at similar hours (5 to 8 Admd 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 cledy 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 fore@@str

Further, the Sl 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 physicaigatrtrend. Further, it is likely
that more than one source will be detected with this approach. This complicates how the Sl data
could be deconvolved, without additional information on the nearby, unique sources at each site.
However, the BG diurnal trels across sites and pollutants are much more similar. The daily
diurnal trends, weekdayeekend, and annual background trends follow expected ambient trends:
lower concentrations on weekends (lowest on Sundays) compared to weekdays and increased
ambient cacentrations from June to Nov, with a peak in Sepgt.

Two other approaches to separating Sl 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 th@0" 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 S| data using terepdsal t
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 neanceas are most likely to be active.

Both approaches have shortcomings, and neither has shown to be as effective the CO_WE/BIn0O
ratio method, based on visual inspection of the source and background separatBch®Bkries
data (Figure 3.12).
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3.4 Discussion

Rural andurban/backgroundQ trendswere clearly distinguishable in Malawkor spatial
characterization of air quality conditionspllutants like CO, PMls, and NOx can be used to
identify nearby emission sources, while secondary pollut@ygscan be interpretedver larger
spatial scalesWe clearly observed that CO and PdvVemissions from raditional stoves in
concentrated living areas dhaneasurable effects on ambient concentratidfesarby biomass
cookstove activity at the Village sitempacted 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 as small but measurable (300 ppb difference from weekend). Contrary to
expectation, the urban University 2 site was not the most polluted (other than possil)y TdreO
university sites in general were not clearly distinguishable from one anothpitedene 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 locatedr more emissions sources than the other three sites.

We found that seasonal trends affected relative and absolute air pollutant concentrations
Ambient pollutantconcentration®f CO, NQ, and Q were highesin SON ¢he hot, dry peak
burningseasonjuggesting seasonaidmass burning in SSA haseasurablémpacts on regional
and local ambienAQ. Concentrations were lower in the wet seasons; Atmospheric removal
processes and/or reduced outdoor activity reduced ambient concentrations by up to 7§% durin
mealtimes at the village site¥he hardest season to differentimends and sources between sites
wasthe rainy seasoiThis suggests that emission generation activity ratest 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 characterizaiody, this may be best for
background measurements, but will likely not aid researchers in soaradigtion.

Measuredconcentrations never excestlegislated limitationsbut Malawi notably lacks
high temporal resolution PM guidelines. Given the high concentrations of BMe measured
compared to other pollutants, it is likely that-24 concatrations exceeded harmful levels,
particularly in the village sites. Further, since the @WZIN3 is not a suitable instrument to
reliably quantify high time resolution concentrations of biomass combustion emissions (due to the
low-end bin cutoff of 0.3&m), it is likely that real ambient concentrations were higher than we
reported in this study. Further, we had low confidence in the &@ Q observations. This
suggests that the quality of measurement achievable withcdsivsensors (calibrated and
evduated 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 thateveraying multipollutant data stream@s.e., CO, Bin 0 data
from the OPGN2/N3, etc.)from sensor packages improves their applicabilRyeliminary
analysis on souremfluenced and background separation technighesv promise. Thus far, the
similarity in the CO and Bin O diurnal trends, and the higher correlation coefficient observed
between CO and Bin 0 compared to other ENPChin sizes, suggest these two data sets will be
the most useful for developing a quantitative approach to source and backgrouatissepehis
canr ev e al the | i kely dominant emission s-ources
influencedd) compared to the regional environ

3.5Conclusions

Chapter 3 explores how calibrated ARISense observations in Malawbecarsed 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 weighied can also skew inferred results,
particularly when averaging emphasizing the importance of data completeness requirements.

The complete mulyear data set (2017 to 2021) provides a previously unavailable long
term AQ record for Malawi. Although seasd and annual trends can be constrained with satellite
data, the ARISense surface measurements provide key information abegesifec diurnal
trends and the influences that nearby sources have on ambient AQ at these sitemi&mnmced
and backgound 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. Seunftgenced data may help edtify
dominant emissionrgenerating 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 campammrsdess the effectiveness of
emissions control strategies. Letegm 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 indicationstioé data confidence level.
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Chapter 4: Characterizing emissions from diverse domestic biofuel uses in
rural Malawi

In final preparation for submission tdtmospheric Environmeats #fABi tt ner , A. S., Li ps
and Grieshop, A.P.: Characterizing emissions from diverse domestic biofuel useé Malamwio

4.1 Introduction

Air pollution is the second leading risk factor for deaths in Affida@alth Effects Instute,
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, transportatasie burning and agriculture
(Health Effects Institute, 2019 rural areas, where an estimated 58% of-Sabaran Africans
live (United Nations, 2019) t he i ndustri al -sxeadtedr, i gnpgryii mar ihl
family level production, wherein the process takeselawr adjacent to the home. However, it
remains difficult to accurately quantify the absolute and relative contribution to total emissions
from the smalscale industry sector, compared to the residential sector, as there are few emission
inventories asilable for the Suisaharan 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 fesxiBtigor SSA,
there are considerable differen¢B®ckarie et al., 2020; Keita et al., 2020; Liousse et al., 2014;
Marais and Wiedinmyer, 2016Jue to a lack of representative emission factors (i.e., a measure of
the amount ba 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 ocas@sathat occur during
the quantitative aggregation process.

The lack of sourcepecific 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-m@thane volatile organic carbons emitted
(Bockarie et al., 2020)Jn some cases, source data is-egistent or so sparse that the uncertainty
in total emissions cannot be usefully quantif(etbusse et al., 2014) Because of this, Els 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 SSKeita 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 vaiaptocess. 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 théBtwdatacharya et al.,

2002; Denget al., 2023; Islam et al., 2020; Deng et al., 2018; Champion and Grieshop, 2019;
Parsons et al., 2022Yhough it is impossible to fully characterize the impact each of these
variables on combustion emissions, field emission measurements are ofteedegth limited
information about these factors, which would be required to assess their representativeness for use
in Els. Typically, SSAspecific Els must extrapolate information from a few reports or use findings
from a local case study to represtr@ whole sukcontinent (Bockarie et al., 2020). Consequently,

there have been multiple calls for in situ measurements of anthropogenic emission factors in Africa
and comprehensive country and lelmalel activity data(Keita et al., 2020; Marais and
Wiedinmyer, 2016; Liousse et al., 2014)

Malawi, a landlocked country in southern Africa, provides a practical location to
characterize emissions from biomdmsning sources dominant in the rudditican household and
smalktscale industry sectors. The economic, energy access and demographic characteristics of
Malawi are similar to much of rural Stikaharan Africa. Malawi is one of the poorest countries in
the world, ranked 169 out of 190 countr@sthe Human Development Index, with one of the top
20 highest population growth rates in the w@kliNDP, 2022; United Nations022). 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(§gmashaw, 2010;
Kambewa and Chiwaula, 2010; Ezzati et al., 2004; NSO, 20ivEn the extremely low rates of
electrification (< 12%) outside of urban cent@EA, 2014) Given that more than 80% of the
population lives in rural aregdBlSO, 2017) smaltscale industry is a significant contributor to the
total national production. For example, the sasadale brick industry (producing between 10,000
and 50,000 bricks per kiln) may contribute more than 50% of the nationgStetsécontact,

2017) This industry is estimated to consume around 850,000cfofuelwood per year to meet

housing deman(Huovila et al., 2019)Similarly, the smalkcale domestic charcoal industry was
estimated to produce 35% oftheat i ond6s <charcoal in 2007, pr ov
93,000 people operating some 40,000 kilns each (mmnbewa, 2007)Though more recent

activity data are sparse, smatlale charcoal production remains an important income source for
subsistence farmers with few other options in the region, despiggitation(Smith et al., 2015,

2017)

Though the impact of smadicale industry remaslargely 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 widespreadhitiative in the southern Malawi region to reduce fuel consumption, biofuel
emissions and exposure related to household cooking by replacing traditional cookstoves with the
chitetezo mbaulg§CM), a locally produced, clafired portable natural draft rockstove. The
Government of Mal awi supported the 62 milli ol

69



million three stone fires (TSFs) with a CM sto\Eembassy of Ireland, 2020)Multiple carbonr

credit offset projects have been funded in the region supporting the replacement of the TSF with
the CM stove or a similarly designed improved cooks{Global Alliance for Clean Cookstoves,
2015; Gold Standard, 201 Mowever, studies of the stove have shown mixed results. The CM
stove has been shown to be@®% more fuel efficient than the T$Malakini et al., 2014; Jagger

et al., 2017; Wathore et al., 201As for emissions, a fieldased Water Boitig Test study in
Malawi found that the CM stove produced 59% of the CO and 50% of the étivtted by the

TSF (Jagger et al., 2017However a study of uncontrolled,-iome 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, additionatiiome emissions measurements of
the CM stove are warranted.

Policies and emigans reductions strategies like carbon credit offset projects depend on
current assessments ofdéountry bioenergy technology use in both the residential and industrial
sectors(Ruiz-Garcia 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
smalklscale industry emission sources in rural residé Malawi, 2) compare field emission
measurements from local smallale biomass burning industry sources to emissions
measurements from biomass cookstoves and to values used in existing global emission inventories,
and 3) determine if improved biomassokstoves were associated with lower emissions compared
to the traditional TSF during uncontrolled;hiome cooking events in rural Malawi households.
This paper provides tnountry estimates of emission factors for five pollutants from a set of
common boenergy 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 the study region due to the population density, relatively
high rates of deforestation and forest degraddatiagger and Perdzeydrich, 2016)and high
rate of solid fuel use for cooking (>99¥ SO, 2017) This work is part of a larger Dynamics of
Coupled Natural and Human Systems (CNH) project, designegestigate 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 observationslmoth human and natural systems have been publ{&hkbaer
et al.,, 2022; Aung et al.,, 2021Work on scenario development and modeling of both the
atmospheric and landse changes to further examine these linkages and quantify the magnitude
of human influence is in preparation.

70



For five weeks total, in JubAugust 2017 and 2018, we measured emissions and air
pollutant concentrations associated with household and -spaé industry biomass burning
sources in two rural residential villages in southern Mulanje District, Malaguf&#.1). Study
participants identified themselves as cooks and ssealke producers and ssklected in the study
sample based on two factors: (1) willingness to participate, (2) ability to arrahgeni visits.

An extensive community participatiommsent and introduction process was conducted through
engaging with the village chief and community members. Details on study design, alongside maps
of the study region (Figur€.1l) and an approximate location of some sources (FiGutg are
givenApperdix C.

4.2.2 Biomass burning sources

Figure 4.1 provides an overview of the sources and number of measuremaaitsonal
three stone fire (TSF) stoves, traditional mud (MUD) stoves,chitdtezo mbaul§CM) stoves
were sampled to represent residential camlest 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 FBgrerhe
traditionalmud stove is a fixed cylindrical or square chamber shaped from clay or mud (Figure
C.3b. The CM cookstove is a lowost (~24 USD), locally produced, firedlay natural draft
cookstove used in several stove intervention and replacement studies in dhegFegireC.39
(The Clean Cooking Catalog, 2022)

Sector

Industrial (small scale) Residential

Charcoal Fired clay Alcohol .
production | | production | | production

| —L— | | | |

Earth mound Brick kilnT | Clay stove TSF CM Mud TSF
kiln* (N=5) (N=3) kilnt (N=2) (N=13) (N=10) (N=8) (N=14)

energy
task

source

Figure 4.1: Overview of the industrial and residential sectors, energy tasks, and emission sc
Malawi. N represents the number of events. TSF = Three Stone Fire,0Gétezo mbaulaMud = muc

stove.’Sources where nearby air pollutant concentrationsweremeae d i n a o6f en:
addition to primary emissions measurements (see Section 2.5 on sampling methodology).

We identified three prevalent smailtale industrial activities involving combustion for
measurement during our emissions measerdg campaign in the study region: the production of
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charcoal, fired clay and alcohol. Alcohol production (ALC) took place on commercial sized cook
stoves. The commercial cook stove (FigQr8) 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 pyrolysisbased process is only senuntrolled, and each charge took
about 20 hours. We identified two types of fired clay kilns used to produce briclchietedzo
mbaula cookstoves. Brick firing took place in a traditional brick kiln (BRK), ataegular,
partially hollow structure (5 to 13 Inyielding 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 lastad 4Bdo 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 mbaul&iln (CMK) was a circular, hollow structure (93mwith three lengthwise
openings. Roughl¥25-150 surdried chitetezo stoves were stacked inside, covered with mud to
form a dome shape, and were fired and extracted in less than 24 hours. Approximaid@®00

kgs of fuel wood (wet mass) were used to fire the earth mound and fired clay kibtged,
dimensions, duration, and descriptions for each emission source are giygreimdix C.2

4.2.3 Instrumentation

For primary emissions measurements, we used the Stove Emission Measurement System
(STEMS), described in detail elsewhéWathore et al., 2017; Champion and Grieshop, 2019;
Islam et al., 2020)The STEMS measured re#aine (1 s) carbon monoxide (CO), carbon dioxide
(COy), temperature (T), and relative humidity (RH). An integrated laser photometer was used to
particle light scattering () and a portable integrated aethalometer was used to measure particle
light absorption (Bap) to estimate black carbon (BC). Particulate matter with aerodyrdhameter
less than 2.5 um (PM) was sampled via a probed a cyclone through conductive silicone tubing
onto Quartz and Teflon filter samples for carbonaceous aerosols. Thiategehted PMs mass
and the contributions from organic carbon (OC) and elemental carbon (EC) were determined
through gravimetric and thermaptical analyses, respectively. Additional details on filter analysis,
guality assurance, and instrument calilorag and corrections are provided in section S1 and S2
of the supplementary information @athore et al., 2017)

For ofencelined sampling, two air monitori.
with a MicroPEM instrument (FigC.12) were placedvithin 5 m of the industry sourcémages
of the sampling configuration and details of the instrumentation are giveppendix C.4 We
used two of three moderate cost ARISense (Aerodyne, Inc., QuantAQ, Inc.) sensor packages to
measure continuous air pollutant concentrations of CQ, RO, NO&, Os, and particulate matter
with particle diameters spanning 0.38 to 17.5 um. 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, calibrasind,performance are described in Cross et al. (2017)
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and Chapter 2. Three MicroPEM (RTI International) instruments were used to meastirageal
and gravimetric particulate matter concentrations using asMpoint cyclone, a nephelometer
(0.1 Hz samling 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 describedppendix 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 identifiéithe 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 re@sent 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, obsefations (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. Fewathdns, where
possible, we also measured the mass of charcoal and brands (any remaining, partially carbonized
wood products) produced. For the snsmidle industry processes, the fuel wood input (wet mass)
was approximated using the wood dimensionge o 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 Suplementary Information. For all tests, wood moisture content was measured using an
electronic moisture meter (Lignomat minigno S/DC).

Primary emission measurements of industry sources comprigett 1 6 gr abé s a m)

coll ected during the full combustion event. H
a physical sample of gaseous emissions into a TedlgdPeagise et al., 2001; Smith et al., 1999)
Her e, 6grabdé sample implies a period of cont |

duration of the combustion event. Two grab samples were collected for each evelyt aliswsl

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. Foe brick and CM stove kilns, the first grab sample

was captured during the sealing phase, about 7 hours aftarst@tiring the sealing phase, after
most of the wood has been burned the fuel ports are sequentially covered with wet clay by the
producerover 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 measur ed upwi nd and d o winnng &n d p
configuration during the complete combustion process of a subset of the kilns (distinguished with

a’ symbol in Figure4.1). For the brick and charcoal kilns, the fenceline sampling lasted for an
average of 39 hours (n=3) and 25 hours (n=3), resdetBummary level and test specific details
of the experimental methods are give\ppendix 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 firsed 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
CQO,. Other carbonaceous species (e.g., gaseous hydrocarbons) contribute a relatively small
fraction (<5%) of carbon in cookstove emissidifi®den et al., 2006; Shen et al., 2013; Wathore
et al., 2017)and were neglected in the calculation. Additionetladls 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 additiongunagtions 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 CQ,ahd &@rcoal kiln
balance also considers the carbon releasedHasNIMVVOCs and carbonaceous particles. Since
we did not measure Gtér nonnmethane organic carbon (NMOC) inourstudye e st i mat ed t
t wo missing concentrations using their ratios
c har c oads Wkri d Detaitgesthis 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 determiasgi@me) 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
parameter§Smith et al., 1999piven 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 byroducts, and then calculate the fraction partitioned to the ptrags
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 differenceaitmaining twaBertschi et al., 2003ajror our
EF values in Tabld-1 and TableC-7, we use the arithmetic mean from four studies for each of
these inputs (values given in Talles). In addition, we used Monte Carlo analysis (Analytica, v
6.2) to explore the sensitivity of the charcoal kiln EFs to the carbon balancepéissigirincluding
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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
charat eri stics including the modi #i(aed Oc @ mbquCsCt i
where @ indicates background corrected mixing
(FWary = (I-MC)*FWwer), where MC is moisture content in % and f&\s the wetmass of the
fuel wood. The fuel consumption rate (kg/hr) was then calculated by dividing B¥¥he amount
of time required for the combustion task. Where relevant, we calculated the charcoal yield (%), or
the carbonization rate for dry fuel mass, asrtt® of the mass of charcoal produced to the dry
mass of the original fuel wood (RW.

To determine if differences between two rwormally distributed samples were
statistically signi f iparanmeticWilpoxoOrakundtés) , we used

4.3 Resultsand discussion

Mean emission factors and sample standard deviation for each source category are given
in Table4-1. Individual EFs and their absolute measurement uncertainty for each source and
pollutant areavailable as Supplementary Table (.xIsx file) alongside-sgstcific data on MCE,
fuelwood consumption rate and moisture content. For our sample, variatang ahe 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 variati@@OV) for the PMs 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 measment 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 andtestepecific details (duration,
test date, food items prepared, etc.) are given as a Supplementary Table (.xlIsx file). In general,
Eucalyptus pp. (I ocal | y T7lafasigrowingesoticGeties)evgsuhmmost popular
fuel wood species, used 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 g@ve ty
Bluegum, in addition tdlangifera indica (nango) 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 whicblapaca kirkiana(sugar plum) \as favored.
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Table 4-1: Emission Factors (EF) in g pollutant per kg fuel wood DM. MCE = modified combustion efficiengy, €(tbon dioxide, CO = carbon
monoxide, PMs = 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 deviaticawiie are shown in the table as mestal dev.

Charcoal Clay brick Clay stove Alcohol Threestone Mud Chitetezo
production/EM production/BRK production/CMK production/ALC  fire/TSF stove/MUD  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
COo 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
PMzs  3.55+2.92 1.13+0.46 40+4.2 16.2 £ 10.1 14+9.3 9.0+4.2 7.7+438
ocC 1.94+1.64 0.304 +0.22 1.03+1.6 7.8+5.1 6.67 4.9 3.8+1.38 3.1+26
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 are derived from the gravimetric
measurements. As most PM emitted by biomass burning is carbonaceous, we ¢beokess
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 PMand found good
agreement (slope = 1.00 = 0.02, intercep048 * 0.25, R2 =.08). As an indicator of optical
properties, we compared the scattering concentration Mto the filterderived PMs
concentration (ug M) to determine the mass scattering cresstion (MSC) for each test (Figure
Sxx). MSC (% kgl) is a metric to decribe 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
thatwas 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 claned kilns (for brick ad 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 scattefiognass calibrations for optical sensors and ideally also
include a gravimetric n@surement.

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 maidimga(maize porridgé 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 aseired 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 Hgurdhe TSF (for
household cooking and alcohol production) had the highest EFsefqardlducts of incomplete
combustion (CO, P, OC) on a fuebasis 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). dherage CO and PMEFs for the CM cookstove
were ~20% (p=0.04) and ~40% lower (p=0.007), respectively, than the TSF. The CO and PM
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., @8Tdund 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 éoMilnd and CM stoves
(Figure4.2), 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)

OQur TSF values were mostly within range of
c o0 o k in Akad 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, DI€fica (Marais and Wiedinmyer, 2016)
Their mean BC EF value was nearly identicahi® mean of our sample, however our mean £#M
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, he mean fuelwood consumption rate was higher (p=0.72) in the CM sample (15 kg hr
vs 1.28 kg ht 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 st(\fiahore et al., 2017,
Champion and Geshop, 2019)but our median value for the CM stove (1.8 kg)lwas higher
than that reported by Wathore et al. (2017) (1.0 Kg.hr

The mean MCE (0.912, n=14) for our TSF sample in Malawi was on the low end of typical
efficiencies for open cookin.917i 0.97)(Christian et al., 2010; Bertschi et al., 2003a; Smith et
al., 2000; Brocard et al., 1996)pur study vas most consistent with Bertschi et al. (2003a) (avg
MCE=0.91), but lower than the global average assumed by Christian et al. (201@).93.p3A
low MCE suggests the TSF EFs measured and reported in this study are most representative of
cooking with alower flaming to smoldering rati¢Christian et al., 2007; Bertschi et al., 2003a;
Ward and Radke, 1993)hich may be typical in SSA.udwig et al, 2003; Bertschi et al., 2003a;
Brocard et al., 1996; Kituyi et al., 200and could partially explain why our mean TSF EFs were
higher than those found in Akagi et. al (2011).
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Figure 4.2: Carbon monoxie (CO) and (b) PMs emission factors in units of grams pollutant per kilog
of fuel burned for the threstone fire (TSF), mud stove (MUD), actiitetezo mbauldCM) cookstov
groups. (c) Ratio of black carbon (BC) to PMor each cookstove group. @mumber in parenthe
indicates N tests. The box shows th& &5 75" percentile, the median is show as the horizontal be
mean as a diamond, and the whiskers represent thartD9d' percentiles. For comparison, literat
values are shown igach panel as CM1: Wathore et al. (2017), TRD1(traditional cooking): Wathot
(2017), TRD2: Roden et al. (2009), TSF1: Bertschi et al. (2003a), TSF2: Christian et al. (2010), a
Venkataraman et al. (2005). The literature label shows the mdaheabars indicate the standard devi:
(where available). TSF3 shows the range observed.

Comparing to other studies of cooking in Sedharan Africa, we found that the mean CO
EF for our sample of TSFs was comparable to that measurBdrbschi et al. (2003a) for open
cooking in nearby Zambia (96 g Kgbut higher than the mean value (70 g'kgeasured by
Brocard et al. (1996GndCoffey et al. (2017)n Western Africa. For Malawi specifically, Wathore
et al. (2017) measured emissions from traditional cookstoves amthiteezo mbaulan three
regionsnear 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 traditiaved sample. However, their
mean CM PMsEF was slightly lower than the mean value measured in our study, and the mean
PMas EF for their traditional stove sample was half that of our TSF sample (Fig. 2b). Previous
studies have shown that high fuel moist@wontent (>15%) is associated with increased £M
emission factorglslam et al., 2020; Grieshop et al., 2017; van Zyl et al., 2(A&) our TSF
sample, tests resulting in high BVEFs (> 11 g k@) 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 PM EFs being higher on average compared to the Wathore et al. (2017)
study which was conducted farther into the dry season. Ultimakedy determined that the CO
and PMsemission 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 twdet 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
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emissions from open cooking in this region may not be accurately represented with globally
averagedalues.

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). s meaured from the cracked stoves
were in the top S0percentile 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'hwere observed in two tests where the stove was severely
cracked. For the CM stove, of the six tests resultifMas EF values above 5 g Kgfour (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-fueling practices has been shown to increase
cookstove emission&hampion and Grieshop, 2019; Parsons et al., 2022; Wathore et al., 2017)
and this behavior may partigllexplain the higher Pl 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

Giventhat the TSF and Mud stove EFs were not found to be significantly different, we
|l umped them together as Otraditional cooking
comparison with the alcohol production. The CO EFs for traditional cooking in tlig stere
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). RMand OC EFs were abb15% 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 &ble4-1), 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 alcohoigroduct
in our study. Similar to our study, they found mean CO and s 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 cookstman, our mean PMEF
value was more than twice their mean value (7.1 + 1.3°Y. kdgain, 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 alcolpobduction EFs and the institutional cooking EFs from
Wathore et al. (2017) were consistent with emissions expected from a large TSF. Given that the

80



TSF fire has no standard size, it would be reasonable to represent alcohol production and
institutional caking 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. T stovekilns had similar mean MCE (p=0.94), CO
(p=0.08), PM>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 togefigure4.3 as BR/CMK. The
standard deviation values of the CM kiln EFs were often comparable or larger than the mean
values, implying that the intéest variability was high for this category, despite it being the only
category for which all emissidests 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
treaked differently in emissions inventory.
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Figure 4.3: (a) Organic carbon (OC) and (b) elemental carbon (EC) emission factors for tra
cooking (TSF+MUD), earth mound charcoal kilns (EM), and fireg &éns (BR/CMK). EFs ar
reported in units of in g pollutant per kg fuel wobl. The number in parenthesis indicates N t
The box shows the 25th to 75th percentile, the median is show as the bar, the mean as a die
the whiskersepresent the 10th and 90th percentiles. For comparison, literature values are shov
panel as TRD1: Akagi et al. (2011), EM1: Keita et al. (2018), and BRK1: Weyant et al (201
literature label shows the mean and the bars indicate the staled@ton (where available).
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Comparable measurements for clay fired kilns are sparse in the lite@wigtian et al.
(2010)measured emissions from threeck making kilns in Mexico and found a low mean CO
EF value (37 g kd) compared to the mean from our BR/CMK kilns (80 g kdrurther, they
found that their kilns had a higher EC/OC ratio (6.72) than any other biomass burning source they
measured, wie we found that none of our sources had an EC/OC ratio greater than 1. Two of
their kilns were 112,000 bricks in size and the third was about three times |&Cheistian et
al., 2010) Thar fuel source was 90% sawdust by volume, with the remainder being wood scraps,
plywood, and patrticle board. Our kilns were barely half the size of their smaller kilns, and the fuel
was 100% untreated wood, potentially explaining the differences betweeabservations.
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. (2014ineasured 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 BMEFs from that source were nearly identical to the mean
values from our BR/CMK sample (CO EFs around 80 ¢ kgd PMs EFs around 3.0 g Kb).
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 clayf isdikely to vary by
regioni 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 dathers) account for any carbon in the clay itself that might
have been released during the curing preses

4.3.4 Charcoal production

Fuelbased 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 éiyddloland 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 couskion, 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; Rufarcia et al., 2021)'he mean MCEve measured (0.796,
n=10) was on the low end of the typical range. Tdbleshows the solid product measurements
from our sample of EM kilnsThese 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 measumgents for earthen mound (EM) charcoal kiln experiments.

Wood in, Wood Wood Charcoal Brands Charcoal
Wet moisture in, Dry produced, produced, Yyield%

Source Mass, content Mass, kg kg kg
kg?
EM1 235 51% 116 ND
EM2 ND 50% ND
EM3 228 39% 107 14.9 32.7 14%
EM4P 207 ND ND
EM5 257 45% 129 17.1 13 13%

ND = not determined
%estimated from wood dimensions (num x length x diameter x mean sample weight)

®majority of fuel wood was not converted
est. based off moisture content of fresh logs of same species, measured in EM2&EM:

Despite low emission factors, the actual concentrations we sampled near the kiln opening
were much higher than that ofypical 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 tdp @&rcentile of the CO EFs for the EM
category. We chose not to exclude data from these tests, howeverthgit/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
measurementgarticularly for the gaseous EFs (CO, £ ableC-7). Notably, values from this
study were almost identical to those reported in a global biomass burning emissions inventory for
charcoalmaking, which collated EFs from 24 data sour@®sdreae and Merle2001) These
values were recently updated, and while still comparable, are now abb0&2bighel(Andreae,
2019) Particle EFs for metrics like TSP, OC and EC were more contivaomn PM s in the
literature. For PMs Andreae (2019) identified only two studies, resulting in a large range (2.1 to
38.2 g kg'). Our values fell within the range of observed values from comparable kilns but were
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on the low side (Tabl€-7). In generalparticle measurements are less similar across studies. For
example, Smith et al (1999) reported 0.66 ¢ KM for TSP using Tedlar bag sampling in
Thailand, while Keita et al (2018) reported 40 g-Kgr TSP used Quartz fiber filters in Ivory
Coast. Tle difference in mean EFs for particle pollutants (including values from our study and
literature) varied by over a factor of 8@t by less than a factor of two for gas pollutants. Together,

this suggests that particulate emissions are more variablgdlsaous 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 sa&jraould be beneficial. On the other hand, relatively less
variable EFs for primary gaseous species of interest (CQ, Ck) across different studies,
regions, and years suggest these values are already well characterized for the purposes of global
emisson inventories and models.

4.3.4.1 Sensitivity to carbon balance assumptions

As described in Sectich2.5andAppendix C5, we used a different approach to calculate
EFs for the charcoal kilns. We determined that the charcoal EFs would ha@846l€érror by not
including CH;, NMOCs, or PMsin the carbon balance. Further, we used sensitivity analysis to
guantify the impact that the carbon balance assumptions have on the calculated emission factors.
We included five variables: the measurement uncertainty imattiegrounecorrected CO and CO
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 contuiiton to overall uncertainty due to measurement uncertainties from the
particle data was insignificant compared to that contributed by measurement uncertainty in the CO
and CQ data, therefore they were not included in this analysis. We conducted thsisafaly
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 Takleb. The mhimum 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 cadm partitioned to the bproducts, which contributed 0%
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 @@nd 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 @nage 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 perdatfifference 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 intesample variation (i.e., the standard deviation compardteteample 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 estated the charcoal yield (Table2) 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 aateffici
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 contérihe 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 206250 kg of charcal (Christian et al., 2007, 2010; Bertschi et al., 2003b; Pennise et al.,
2001) The EM kilns in this study (around 0.75)were also smaller than all 19dg observed in
a 2007 study of charcoal production in Malawi (ranging fron?8m87 ni). 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 ithHew 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 southernc&@frTraditional earth mound kilns reportedly
dominate charcoal production in this reg{@hidumayo and Gumbo, 2013; Chiteculo et al., 2018;
Ekeh et al., 2014; United Nations, 20@®)d have a typical conversion efficiency of only18%
(United Nations, 2009; Mugo and Ong, 200Burther, older government reports indicate the
traditional earth kilns used throughout Malawi have an efficiency of little more than 20%
(Makungwa, 1997; Openshaw, 1997). Ultimately, EBs our sample are most representative of
smaltscale (< 250 kg fuelwood input) charcoal production. A 2007 study of the charcoal industry
i n Mal awi eefailmre rosdmealelr sé as t hose operating
less than 1200gkof charcoal produced per morikambewa, 2007)it is expeted that occasional
charcoal producers will achieve lower efficiencies thantfale charcoal produce(¥os 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 wanverted 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
prodwcers in the smalcale industrial sector.

If we assume 28% yield to calculate yidddsed EFs (g kgcharcoal produced), our values
are similar to the literature (Tabl€-8) but if we use 14%, our yieldased EF values
correspondingly increase by a facof 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 yiekbased EF values (g Rgcharcoal produced) compared to other sources of
uncertainty and variability (e.g., measurement uncertainty ;saerce 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 pollwtakyof
fuel, per kg of product produced, or per megajoule of energy consumed, etc.) has contributed to
significant differences and even errors among Afspacific Els. For example, one of the primary
resources for biomass burning emissions inventohiesgi 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 chagal kiln in Mexico, reported in units of g pollutant per kg dry fuel consumed
(Christian et al., 2010Akagi et al. (2011) reported the same values, but with units of g pollutant
per kg of checoal produced. In a similar fashion, the DHBEica inventory (Marais and
Wiedinmyer, 2016used the Akagi et al. (2011) values and mistakenly applied all their EF values
as per kg dry fuel consumed, resulting in an-fde overestimation relative to the originally
measured values. Using updated activity data, (Bockgalk, 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 oferrors 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 o886 depending on the pollutafi@ockarie et
al., 2020) One method to reduce conims could be adopting the standard of reporting charcoal
kiln EFs in terms of the fuel basis (gkfwel consumed), rather than the yield basis (§dtwarcoal
produced). This also removes the additional step of needing to assume charcoal yieldyefficienc
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 e fuel basis units (g Kgfuel 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 Representativenessf grab sampling

Many previous emissions studies of charcoal and brick kilns have relied on grab or spot
sampling rather than continuous and complete emissions cépameise et al., 2001; Bertschi et
al., 2003b; Christian et al., 2007, 2010 most cases, the spot sampling spanned a small portion
of the total combustion event (i.e., minutes or hours of sampling to characet@nzltiday 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 overallatmpay 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 samplingpld was similar to the intédln 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 eeeevent 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, butittie B&s were loosely
(R?< 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 satep 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, conditionsr umdieh vigorous flaming
combustion is less likely.

4.3.6 Air pollutant concentrations from fenceline sampling

Initially, we intended to calculate carbtyalance based EFs using the fenceline data sets,
but due to issues with repeated sensor saturation, wadnspted to look at pollutant ratios as a
proxy for realtime 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/Cg&and PMe 5/CO,) measured by the ARISense and by the STEMS in Figure
44. For the fired clay kilns, we found that the ARISense and STEMS had similar C&ARQ
during sampling (mean of 0.04 and 0.06, respectively) suggesting that the gaseous emissions
chalcteristics 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 whileRIgefise 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 otiare (this has also been shown by Christian et al. 2010)

and that the starp 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
instrumets were not designed for source sampling (only for ambient conditions), the sensors had
already been subject teyt of high-concentration sampling and then additional bouts of emissions
sampling during which the gaseous sensors were repeatedly satlirasedxposure 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 ambienetl&Ehapte), therefore the calibrated

values might not be accurate at these high concentrations.
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Figure 4.4: Boxplots of (top) CO/C@®and (bottom) PM/Cexatios as measured by the ARISe
and STEMS from the fired clay kilns (BR/CMK) and the charcoal kilns (EM). The box inc
the 23" and 7% percentiles, the whiskers indicate tH& @&nd 98' percentiles, and the meat
shown as a black diamond. Raioints are shown as open grey circles.

We observed even worse agreement betweens®, 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 #&sger for the PMs/CO;, data, again suggesting more
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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 ofte ARISense OP®I2 to the uPEM redaime PM.smeasurements, which were
calibrated by the concentration derived from the internal filter, for each fenceline event. Previous
work showed that the ORR2 performance under ambient conditions was highly variabd
dependent on concentration and relative humidity condi{@Biter et al., 2022, Chagr 2. We
observed similar performance during the fenceline sampling. Theniownum cutoffdiameter

of the OPGN2 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
nearsource settings, we found that the GRE underesmated 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 ORN2 was more likely to overestimate the mass compared to the
uPEM. This is likelydue to the different optical characteristics of the aerosol released by these
two different processes. In conclusion, we determined that theN2ZHE ot a reliable instrument

to quantify ambient or ne@ource particulate matter concentrations in aneasily 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 ofrstenention 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 ite (&aleh et al., 2022A study in 2008 found that 40%
of CM stoves observed in Mulanje had noticeable cracks or damages (average age of CM stoves
used eery day was 1.7 yeargMalinski, 2008) Taken together, these reports suggest CM stove
guality in this region has remained roughly consistent for about a decade.

Findings from this iFhome study of improved biomass cookstoves suggest they can lower
emissions compared to th&F 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 emissigiMalinski, 2008) However, a recent study in rural
Malawi showed that the CM stove had no impact on cooking related &yosure for adoptey
despite high uptake and ug®aleh et al., 2022) Regarding fuel use, adopters from this study
reported less fuelwood consumption as a benefit of thestove, consistent with the majority of
findings from similar studies of the CM stove in this regiSaleh et al., 2022; Malinski, 2008;
Timko and Kozak, 2016)hich are also selieported. Yet when measured, faehsumption 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 frequencycoflection (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;hEe Clean Cooking Catalog, 2022nd the increased fuel efficiency,
reportedly using 26 to 60% of the fuel required by the [Xgger et al., 2017, p.20; Malakini et

al., 2014; Wathore et al., 201foes not guarantee the same percent reduction in firewood
consumption. Since it is often nkhown 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
financeproject.

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 simultaneouslyheitbM stove being sampled.
Reportsofs&c al | ed 6stove stackingd in this region
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 usef89%) 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), thoughmoted 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 MalawieFumiports and
observations of cracked stoves, well within their expected lifetimelofdargJagger et al., 2017,

The Clean Cooking Catalog, 2023)iggests there are persistent issues with stove quality in the
region. Additional details from the qualitativersey 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 smadicale industry biomass technology currentlyuge in rural Malawi.
Consideration should be taken when using these measurements (and othersiiyadpoessent
and quantify household and industry emission impacts in inventories feG&wdran Africa.
Despite using similar measurement equipment and methodology to measure the same types of
cookstoves in the same region in Malawi, this study resulte#s that were significantly different
from previous measurements in southern Mal@athore et al., 2017Yhis finding emphasizes
that emission factors measured during uncontrollethome combustion are highly variable.
Factors like fuel species, fuel moisture, variation in the skill and prefeseof cook or producer,
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and the quality or condition of the stove/kiln may all contribute to-saenple and intrgample

(i.e., literature) variation in measured EFs for a single source category. The characterization and
discussion of these sourcesvafiability 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 methoeblogy,
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 adoptioesgtaleh et al., 2022)or
examplegchitetezo mbaulatove adopters who volunteered responses to the qualitative survey said
they used the stove 7 days &ek 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.
Quialitativemetrics such as these questions are useful to understand perceptions, but the responses
may be skewed by a respondentbés preference to
decision to use fresh logs by all charcoal producers may be theaktuwir 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 evidea that breaking broad source categories into narrower categories
would i mprove gl obal estimat es. For exampl e,
accurately assign one set of EF values. It fails to differentiate between different housekialgl coo
and household industry emissions (i.e., sfaadlle 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 sectoggional and global Els, have significantly
different emissions than the TSF, suggesting this activity cannot be accurately represented by EF
values for 6open cookingho. Though o6fuel wood
separately, Smith et.a(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 kilkMggeund 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 litef@ameise et al., 2001,

Smith et al., 1999; Bertschi et al., 2003b; Christian et al., 20b@)ying that yieldbased EFs (g

kg charcoal producel) calculated assuming 28% vyield will lead to an underestimation of the
impact of the charcoal kiln emissions in rural SSA. Tfeees 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 detall is likely impractical for global scale modelling
exercises. For a global El, emisssgproducts 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 El, using EF values derived from a study near the
regon of interest may be more representative than a global average. For example, African emission
inventories have wused gl obal 6open cookingb c
household and domestic industry sector emissions (Liousse22Hl;, Keita et al., 2020; Marais

and Wiedinmyer, 2016). However, measurements of theime cookstoves in SSA, from this

study and otheréWathore et al., 2017; Bertschi et al., 2008bygest that TSF EFs are ~30%

hi gher than the O6open <cookingdéd and oO0fuel woo
measurements as in Akagi et. al (2011). There are also other small changeslthahprove

total emission estimates. For example, charcoal kiln EFs presented ihapdgoal produced

require an assumption about the efficiency of the charcoal kilns being represented. Unless this
information is available for the sample, it would ireferable to use fuddased EF values (g kg

fuel wood?) if activity data is available in both units (kg fuel consumed gnd kg charcoal
produced yt). Further, studies reporting mixed yield and fhaked units in the same table have
contributed tanultiple errors in major emissions products and(Blsagi 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 dat(% 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 El, at least one future regional study in SSA should aim to measure these variables to better
parameterize the ranges that could better represent earth roarncoal kiln EFs specific to the
region.

Lastly, we note that studies focused on rural andifmeme areas are already limited by
sparse activity data. Presently, it would not even be possible to accurately determine the number
of small, medium, anthrge 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 measuamasttslimited
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) atecuelented
and generally in agreement. Less studiedrces (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 El. Accurate-amdatp 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 tBnvironmental Science: Atmospheees fBi t t ner |,
Mitchell, W., Hagler, G.S., Grieshop, A.P., and Holder, A.: Expanding mobilgsPM
measurement capabilities near wildland fire.

5.1 Introduction

Smoke from wildland fire, including both unintentional wildfires and intentional
prescribedfires used in land management, can expose nearby communities to harmful air
pollutants, including fine particulate matter or Pd{Daffe et al., 2020Many studies have shown
that exposure to PM from wildland fires is linked to acute and chronic health efféCesscio,

2018; Youssouf et al., 2014; Liu et al., 2015; Reid et al., 20d6he United Statesyildfires are

the major contributor to ambient BNconcentrations in recent years, accounting for an estimated
25-50% of ambient PMsdepending on the regiqBurke et al., 2021) Given that large wildfires
(>400 ha) have increased in frequency over the past two degdddsterling, 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 niigh a concern (particularly for sensitive populations),
and recommends health protective actiohs Data Basic Information, 2023)The U.S. EPA
establishes an AQI for five major pollutants (of either-BMbzone, carbon monoxide, sulfur
dioxide, and nitrogen dioxide), bed off the 24hour mean concentration. During wildland fire
events, PMs 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 timeresolution. The NowCast algorithm calculates a weighted average from the most recent
3 to 12 hours of ambient PM concentration data to better approximate current air quality
conditions. The NowCast uses longer averages during periods of stable iy, qnal shorter
averages when conditions are changing rapidising Air Quality Index | AirNow.gov, 2023)
Higher time resolution information helps theabtic 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 shoetm PM sexposure and respiratory and cardiovascular effets.

EPA, 2009, 2019)Associations between shddgrm exposures and n@ccidental mortality were
strongest at lags from 0 to 1 days (U.S. EPA, 2019), suggestindadylexposure periods can
result in health impacts. Given the evidence, there is a clear need for localized high temporal
resolution PM concentration data to support public decisiaaking 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 healthrtigdly due to uncertainty in spatial quantification of the
smoke pollutant concentratiof¥ohnson and GeiaMenendez, 2022; Cascio, 2018)Vildland

fire plumes are spatially heterogeneous with characteristically steep exposure concentration
gradients, influenced by factors like topography, weather, and fire condidiaifis et al., 2020)
Interpolated PMsconcentrations from the existing regulatory monitoring network may not be
representative of actual exposures in impacted communities. For example, using a netwerk of low
cost sensors (mean ddty: 6.8 per k) and a gaussian process moda|ly et al. (2021Yound

spatial differences in PM concentration withi a small region (< 500 kinduring 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 cocentrations (B pg nd) in the Wasatch Mountains and high levels in the valley
(up to 200 pg ) for the same-hr period. These results contrasted with AirNow, which reported
the maximum concentration (200 pg3rthroughout the region, regardlessafain. 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 contrations over complex terrain remains a challenge,
even with the increased information offered by the stationanclmst 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 leaost sensor network in the Salt Lake Valley also pointed to a
need for more information on local smoke drainage behavior, given the topiegel@t in the
region(Mallia et al., 2020)

Groundbased measurements around fires have also shown large spatidabnariat
Kelleher et al. (2018)ised thirteen samplers downwind of a large, prescribed fire, and observed
mean 24hr PMy sconcentration varying from 30 to over 900 ug m two locations just 10 km
apart. The authors reported that the spatial and temporal variability they observed durdgythe 8
monitoring was likely due to changing fire location and intensity, topograpfeatures (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 atepieric inversioriKelleher et al., 2018)

Mobile and temporary stationary monitoring can supplement wildfire smoke impacted
areas with limited access to air quality daten 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 statioary 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 usedecsmnebtke 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 e industrial air
pollution, its use for wildland fire emissions characterizafidajluf et al., 202; Pirjola et al.,
2015)and air quality assessmefitam and Adams, 20193 nascent. The Alberta Ministry of
Environment and Parks used portable EnvironmentalBet&uation Mass Monitors (BAMS)
and a mobile laboratory equippedthivcarbon monoxide (CO) and ammonia @\iamplers to
characterize air quality impacts during the 2016 Horse River Wil{fiaen and Adams, 2019)
Notably, the mobile lab was only used in a stationary configuration, meaning it was mawed f
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 20q®irjola et al., 2015)This study reported that the most intensive
smoke plumes from the fire did not reach their stationary monitowanttl otherwise have not
been detected. Most recently, the FIRBR 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, theahile 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.ehow 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 paftafederal government response to address wildfire
smoke impacts that are of public health concern in the United Sth&sEPA, 2022)Distinct
from previous research studies, WSMART expands the reach of supplemental wildfire smoke
monitoring by supportingata sparse areas through its equipment loan program. The loan program
relies on an inventory of lowaost instruments designed for use by onsite emergency response
personnel who are often n@xperts. 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 Responsgiam (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
personnelPeterson et al., 2022; U.S. EPA, 20ZIhe 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 forecastioreeast requires the use of monitoring
dat a, met eorol ogi cal i nformati on, fire dat a,
awareness and experience. Presently, ARAs typically have access to a national cache of stationary
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PMz s monitoring kitsincluding ESamplers andBAMs (Met One Instruments, Inc.) that can be
deployed in locations impacted by sm@R&FAQRP, 2023) The WSMART program supported
the smoke monitoring cache to expand their availability of compact stationary delisors
(PurpleAir) and diretly 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 inaled 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 $roalil,
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 Addon Mobile Monitoring System (VAMMSWas designed to measure
wildfire smoke in any vehicle, facilitating rapid and flexible deployment by first responders at
wildfire smoke events. The compact monitoring
140 by 80, i's ent iresstant caseRelican] %0 to enable avermightu s h
shipping to the incident while protecting the system components. The system is equipped with a
research grade PM monitor (pEI®00, Thermo Scientific) that uses a nephelometer to measure
mass concentratis at a 1 second resolution. The instrument has a cyclone on the inlet with a size
cut of 2.5 um to measure BNconcentration and an internal-8¥m filter for gravimetric analysis.

Additionally, the VAMMS includes a global positioning system (GPS,nuiite 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 fiéade clock. The data is automatically formatted
for upl oad -tinoGe&spatiabData Rienarl(RETIGHps://www.epa.gov/hesc/real
time-geospatiabdataviewerretigo) wherethe data can be visualized on a map or as a time series.

The VAMMS samples through 10 conductive tul
withalcone and 1/ 1606 inlet that provides isokin
flow for the PM.scyclone. 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 atusiambscrew. The
VAMMS is battery powered (4.5 AH 12V Lithium lon, BER2045W, 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 (tempegat@0 C). The VAMMS includes
an AC adaptor power cable to recharge the VAMMS battery using wall power when not in use.
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To date, twentsfour VAMMS units have been produced. Images of the VAMMS and the
sampling deployment configuration are showdppendx D.1.

5.2.2 Quality assurance and control

The personal DataRAE Aerosol Monitor pDR1500 (Thermo Scientifie ) in each
VAMMS had the same instrument settings. The zero concentration and flow rate were confirmed
before and after a deployment. The zero level igaired to be within +/3 pg m® 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 ®/3 of 3.5 LPM. The pDR500
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 pri
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 preweighed glass fiber filter was installed in the pD®00 before each new
deployment. After the VAMMS was returned, the filters were removed, stored ardigighied.
In addition, we collected six handling and dynamic blank filters to estimate thenaiwiomass
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 infortian (e.g., indoor measurements and data
collected during statip 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 ofzariation (COV) metho@Brantley et al., 2014; Hagler et al., 201Rgtails
of the COV method are given 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 locatiatis reports of heavy
smoke, setting up temporary stationary monitoring sites, or attending community events to
publicly communicate about smoke conditiofRsr prescribed fire events, we collected VAMMS
data along intentional driving routes selected torattarize spatial variation upwind and
downwind, including higheconcentration 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 platfeneesdon
and altterrain vehicles).
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5.2.4 Data ses for performance assessment
A summary of the data sets used to evaluate the VAMMS is given in 3dble

Table 5-1: Overview of events included in this analysis. For type, Lab = laboratory experiment, Rx =
prescribed burning, WF = wildfire. O6Data Removed?d
local source (e.g., dust from roadway) and excluded (Section 2.7). The mean, median and maximum PM
concentration (ug ré) calculated from the-iin averaged VAMMS data from each campaign are given.

n/a = not applicable.

Event Type Location Dates H%lg; of Data Removed Mean Median Max
Large Chamber | Lab Durham, NC 10/21/22, 10/28/22 375 n/a 295 14.3 139
Konza Prairie RX Manhattan, KS 09/14/2109/15/21 7.96 1% 349 10.2 1466
Monument Fire | WF Trinity County, CA | 08/10/2109/19/21 114.4 2.6% 187.1 77.8 2378
Cedar Creek Fire| WF Oakridge, OR 09/24/2210/12/22 28.3 6.7% 164 51.4 3178

5.2.4.1 Large chamber experiments

To evaluate therecision of the VAMMS across a span of PMoncentrations 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 describedHyider et al., 2022)We collected a
gravimetric filter sample inree of the VAMMS and use the filt&orrected concentration data as
the 6referenced for these experiments. We ¢ o0mj
to each other, and to the gravimetiilter 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 @gkri OR air quality monitoring
station (AQMS) during the t8ay period focused upon in this analysis. The Lane Regional Air
Protection Agency (LRAPA) maintains five legost PurpleAir sensors, an Ambilabs
nephelometer, and a federal equivalent method (Fiegdilatory 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 higime 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-Shagta
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 periodicadiyatgl 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 meradlows for a macrgcale intetrcomparison
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-8cre plots, separated by fire breaksSéptember 2021, five adjacent plots
were burned over a twday 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 FigD.10in Appendix D5). VAMMS data were collected on a 4x4-#dkrain 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 Tables-2.

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

Instrument Mechanism Type Corrections Sampling resolution  Events
PurpleAir PAII Nephelometer | Low-cost applied from lit. | 80-s, 2min, 10min All

Ambilabs 2Win Nephelometer | Researckgrade | derived orsite | 1-min Cedar Creek fire
Met One BAM1022 | Optical FEM none 1-hr Both wildfires
Met One BAM1020 | Optical FEM none 1-hr Monument fire

5.2.5.1 PurpleAir PA-Il sensors

For the large chamber and Konza Prairie events, we used the same four PurptdAir PA
monitors. Data were retrieved manually via the SD cares(&3%olution). For the wildfire events,
we retrieved opefaccess historical data-(in or 10min resolution) from the PurpleAir server
using the APl 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 PurpleArdbel ed as O6éoutdoord were considere
of the A and B cf=1 channels be < 70% or < 5 pg anthe highest time resolution available, a
data quality assurance step described in detail elsewiBankjohn et al.,, 2021)If the
measurement met this requirement, then the mean of both channels was taken to obtain one value
for eachtimestamp.
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5.2.5.2 Research grade instruments

For the Cedar Creek fire, upon request, LRAPA provideadiriresolution data from an
Ambilabs 2Win Two Wavelength Integrating Nephelometer that runs in parallel to tisgten
regulatory monitor.

5.2.5.3 Reference grade moriors

Regulatory PMs concentration data from FEM instruments were obtained via AirNow
Tech, a passwordrotected website for U.S. air quality dakdts://www.airnowtech.ordy/ The
Oakridge, OR (AQMS #410392013) and Redding, CA (AQMS #060890004) air quality
monitoring stations had BAM022 Beta Attenuation Mass Monitors (Met One Instruments). The
Weaverville, CA (AQMS # 061050002) site had a BAINI20 Beta Attenuation Mass Monitor
(Met One Instruments), the previous generation instrument. A study of the B2RIfound that
it is a reliable instrument even at concentrations reflective of wildfire conditions, with a
measurement accuracy of 88.6% compared to the-fitised federaleference method during
controlled chamber burrikong et &, 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 pDR1500 PM . smeasurement was adjusted by the microprocessor in real time using
a linear adjustment factor of 0.53 developedCalifornia wildfire smoke by Delp and Singer
(Delp and Singer, 2020Dnly corrected data were saved to the local microSD card. The corrected
pDR-1500 PM sdata were compared to the blacdrrected integrated filter mass concentration
derived from each evaluation or deployment.otigh comparison to the integrated filter mass
concentrations, we found that the Delp & Singer (2020) correction was applicable for our data sets
(Fig.D.3 inAppendix D.2) We did not correct the reame pDR 1500 values using the integrated
filter mass fom each deployment. During deployment, VAMMS data are interpreted immediately
after collection by the ARA to conduct tirsensitive analysis and response activities, rather than
retroactively. In an emergency response mode, users are not able to conguaread the real
time pDR1500 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 Purptddarin 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 Oakygd AQMS, we compared the performance of uncorrected
PurpleAir data and data corrected using two wildépecific literature corrections to the-site
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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)verestimated relative to the BAMD22 (FigureD.4 in
Appendix D.3. PurpleAir data corrected using the wildfire smoke correctitwider et al., 2020)
showed the best performance, however, snoakeected PurpleAir data derestimated the FEM

at ambient concentrations exceeding 600 pg§ wdditionally, we looked at uncorrected and
smokecorrected PurpleAir data during the Monument wildfire, which supported the findings from
the Cedar Creek comparison. Notably, the two AQIM8 the nearest PurpleAir were farther apart

in the Monument fire comparison (150 m and 3 km). Further, at the Weaverville AQMS, hourly
ambient PMsconcentrations regularly exceeded 600 p@, mp to 1000 pg m, during which
periods (approximately 3 msurement days), the smegearrected PurpleAir data underestimated
the true concentration.

5.2.6.3 Ambilabs nephelometer

LRAPA corrects the regime nephelometer data using data from thesiten FEM. The
light scattering coefficient from the nephelometer mgdirly fit to the FEM concentration using
24-hr averaged data from 2017 to 2022 to obtain correctegsBdmcentration data in units of ug
m=. The agency develops and uses two corrections, one for wildfire smoke (used from June to
September or Octoberepending on when fire season ends) and another for ambienfireron
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 timealigned to perform intecomparisons of the concentration data. Data were
aligned using the highest resolution available. Tiheeseries 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 thegnds will be different. For the mobile and stationary comparisons, we used only
the timestamp from each instrument to align the datasets. The timestamp from-timeerebdck
in the VAMMS was updated each time the GPS obtained a lock. Similarly, testaimps for the
PurpleAir sensors on the opancess, 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 dabdained locally from the SD card of the
PurpleAir (such as for the Konza Prairie experiments), it is possible that the interrahesal
clock could be inaccurate, since the sensor was not connected to the internet during data collection.

Given differeres 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, 13min, 1-hr) and averaged all data within the specified interval frorh eetrument. 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 60in averageand so on). Timalignment and resampling was
performed in Igor Pro (v8).

5272 Appr oxi mate AQI o

Throughout the manuscript, data are colored using the approximate color scheme and upper
and lower PMsconcentration bounds of the Air Quality Indeystem for PMs. A visual color
scale with the corresponding Bbtoncentration ranges is givenkigure 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 theistussion around semuantitative agreement between different
instruments. Note that we use the same concentration ranges, colors, and categories
indiscriminately for every time resolution (i.e-s1 kmin, 2min, 1-hr, etc). Though sometimes
referredtoas an dapproxi mate AQI & in the mahowrscri pt
averaging period. The formal recommendations and health effects associated with each AQI
category are not applicable to the higher tiegolution values presented inglainalysis.

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, norregulatory supplementahd informational monitoring applications: the coefficient
of variation (CV), normalized root mean square error (hnRMSE), the coefficient of determination
(R?), and the intercept (b) and slope (m) linear regression coefficients. Duvall et al. (2021) also
suggests target values for each metric: CV and nRMSE < 36%0R0, m = 1.0+ 0.35, and b =
-5 O b ®wsref@encerthese target values to provide a general indication of performance,
but do not use them as definitive threshold values meant tesenolodisqualify 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 requesthaversine distance function & velocity calculation from GPS coordinates, COV
methal to detect and remove local sources, removing PurpleAir data that do not meet QC
difference criteria, applying U#ide piecewise and smoke correction(s) to PurpleAir data,
applying a completeness requirement before temporal averaging. We also refadéneadhe
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 thehamber experiments suggest the VAMMS instruments have low inter
unit variability and that the Delp & Singer (2020) correction is comparable to gravimetrie filter
correctionThe VAMMS units were accurate (mean RMSE < 5 pi#) and showed high precision
aaoss the four monitors. The Pimeasurement was highly linear (mean=0.99) from zero to
span (max conc. = 140 ug The literaturecorrected VAMMS data also showed little bias
(mean slope = 0.96 and intercept 3.5 ug n?) relative to the filtercorrected data. Scatter plots
and summary performance statistics are givelpipendix 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 laboratprexperiments, 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 fmnlaverage VAMMS value to the neardsmin
averaged nephelometer value (N=27) and to the nearesiril@veraged PurpleAir value (N=15).

For context, we also compared all three higher time resolution measurements-tw gwedaged
regulatory value for the region. Figubel shows the timeeries 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 (dmin) and corrected nephelometerniin), smokecorrecte:
PurpleAir (10min), and BAM 1022 (60nin) measurements at the Oakridge air quality monit
station during the Cedar Creek fire. Data from niephelometer and PurpleAir are shown only whe
VAMMS was within 100 m of the instruments.
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As a more detailed example, Figla has labels showing the distance of the VAMMS
from the Oakridge AQMS over theurse 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).P&bncentrations there were nearly twice
the level repded by the Oakridge BAML.O22 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
measuremestwere consistent with the BAI#022 during this time window. The VAMMS then
descended toward Lookout Point Lake and as elevation decreasee c&Mentrations again
increased, suggesting smoke levels near theljow lake were consistently higher tham
downtown Oakridge. A map indicating the location of the lake, Oakridge AQMS and driving route
for Fig. 5.1a are shown in Figui®2.

Figure 5.2: Satellite map and driving route showing the Oakridge, OR region, correspondin
la. VAMMS (1-min) data are shown as colored circles. Pin markers show the locations of |
Point Lake and the Oakridge air quality monitoring station (AQMS) in downtown Oakridg
roadway connecting the two locations is Willamette Highway58. Image sdboogle Earth P
Version 7.3.4.8248. Oakridge, Oregon, USA. Border and labels layer. Accessed: February
© Google Earth 2023.
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I n 12 out of 15 passages (80%), all four ir
and the percent difference beten the VAMMS PMs 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 + 153jom mverage, representing
0 e d g e §i.e.ccansemtgations were near an AQI breakpoint level). In the remaining instance,
the VAMMS and corrected nephelometemin measurements differed by almost 200 ug m
(VAMMS = 730 pg m*and Neph = 540 pg /) mean N=2) while the smolarrected Purplir
(10-min) and BAM-1022 (thr) reported lower mean concentrations around 470 figlimere are
two possible explanations for this discrepancy. Firstly, the twonlVAMMS data points for this
passage were collected within the first 3 minutes of the VAWing turned on. It could be that
the pDR1500 was still powering up and equilibrating when these data points were recorded.
Though we exppétehhgctOstarbe aplevels m8d0pugmM)he ext
experienced immediately upon stap 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 thattwmVAMMS measurements were
collected during a Hninute window when concentrations peaked over the hour. At the start of
the hour, concentrations were near 340 pxgpmd steadily rising. They peaked around 550 pig m

3 about 40 minutes into the hour, during the two min of VAMMS measemésnLevels then began
reducing, back to around 460 pg*oy the end of the hour. Taken together, the conditions present
in this example may explain why theht BAM 1022 value (460 pg i) was more than 250 pg

m lower than the VAMMS and 100 pg#ower 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 opeaccess PurpleAir) over a large area. FiguBeshows a map of the
Shasta Trinity County, CA region, spanning over 520,008, kncluding tworegulatory sites
(Weaverville and Redding) and twerdgven 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 WMo 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 Tabl2-2.
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Figure 5.3: Map of VAMMS measurement locations (a) for the entire deployment period duri
Monument Fire and (b) on 08/11/2021 only. VAMMS data are shown as small circles, the-dexs
PurpleAir within 1500 m of the VAMMS route are shown as diamond markers, and the two
regulatory air quality monitoring stations (AQMS) are shown as large squares. In panel (b), the
colored by PMsconcentration. VAMMS and PurpleAir data arenth averaged, while the regulatory
guality monitoring station (AQMS) data areht averaged. PurpleAir and AQMS data are shown
time of the passing by. The border of the Monument Fire on 08/11/2021 is shown in red (infral
source: InciWeb). Imagsource: Google Earth Pro Version 7.3.4.8248. Sfiastday County, USA
Accessed: April 19, 2028 Google Earth 2023.

Figure5.4 shows a scatter plot of the Pbtoncentration from the mobile VAMMS and

the stationary higiime resolution sensors fdooth the Cedar Creek and Monument fire
comparisons. Figure 4a compares the VAMMS to the nephelometer at Oakridge AQMS for the
Cedar Creek fire and Figh.4b compares to the opaccess PurpleAir network data for the
Monument fire. For the Cedar Creek fimmpared 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 unizat.
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Figure 5.4: Scatter plot of the mobile VAMMS compared to (a) the stationary nephelometer
Oakridge, OR air quality monitoring station and (b) stationary, -@gpeess PurpleAifN=27) network il
the Shasta Trinity County, CA area. The VAMMS was within 100 m of the stationary site for
within 1500 m for (b). Linear regression coefficients are given as y = mx + b, where m is slope
intercept. R = coefficient of detemination, NRMSE = normalized root mean square error, N = num
data points. These data were collected between Sep 24 and Oct 15, 2022 during the Cedar Cre

For the Monument fire, agreement was worse than the Cedar Creek comparison (higher
slope, lower intercept, lower?Rnd high nRMSE), however the data agreed well until the upper
end of the concentration range (blue points on 5ip). These high concentration data were
collected over three days at the beginning of the measuremet,perar the Weaverville AQMS.

The hourly PMs data from the Weaverville BAM020 FEM suggest that real ambient
concentrations were between 600 and 900 [igloring this period. This is the range we observed

the PurpleAir smokeorrection to underestimathe FEM (Fig.D.4). This suggests that rather

than the VAMMS overestimating the O6trued conc
the concentration in this case. Further, in the case of the Monument fire comparison, the PurpleAir
data are fromn 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 teaf AMMS 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 schootganizations, or private residents, suggesting that
(corrected) PurpleAir network data can also be a reliable, -geamtitative resource to
characterize smoke concentrations in wildfire impacted areas. Still, there were stretches of
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roadway that did nabave 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 informatio
remains.

5.3.3 Performance under neafrfield 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 comparisonfathe VAMMS (10s) and PurpleAir (8@) during three consecutivea@re burns.

The active burning phase of eacla@e plot lasted only about an hour, during which the plume
could be seen, though the plots continued smoldering for several hours afterrthA kerrain

map, locations of the temporary stationary PurpleAir monitors, the VAMMS sampling route, the
location and size of the burn plots are shown in FiguseAdditional images of the deployment

terrain, the plume shape, and details on the belmediile and conditions are givenAppendix
D.5.

Wind direction

o »
Q‘”
4

:
a
8
&
H
a
e
]
o
o
®.
£
,k‘

I Google Earth

Figure 5.5. Map of VAMMS (10-s) and PurpleAir (maximum value) measurements during the const
prescribed burning of three&re plots. Data are colardy (a) GPS height and (b) Bkconcentration. Tt
primary wind direction during the burns and the burned area of the three plots (red polygons) is showr
(a). These data were collected from 16:05 to 19:45 UTC on-@025 in Manhattan, Kansas. Image sot

Google Earth Pro Msion 7.3.4.8248. Konza Prairie Biological Research Station, USA. Accessed: April 1¢
© Google Earth 2023.

Unlike for the two large fires analyzed where conditions were relatively stable over several
minutes or hours, we observed rapidhanging 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 thatshe@iile

111



mean would b comparable to 88 stationary mean. PurpleAir BNconcentrations could change
by an order of magnitude in an-8(eriod. For context, Fifp.11shows the time series from each
of the four stationary PurpleAir sensors for one of the burns.

FigureD.12shows 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 pg
m of each other or better. For ~30% of the events, measurements from both instreerent
nearly identical. I n 15% of the cases, the in
of one another and were two Oor more Oappr oxi me
Ultimately, this meant that the VAMMS and PurpleAir m&@snents 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 orbeupto50 ml oser to the fire border. Thi s
agreements between the two sensors (indicated with text labels db.ER®y. Secondly, steep
elevation changes (Fi§.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 mitbwnwind location and then dropped steeply into the valley below.
Depending on the wind conditions, the plume fumigated the vatlesas 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-tiea clocks in each PurpleAir
with the VAMMS ahead athe 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, ifamke ¢
lagged another by even-30the impact of this difference would be magnified, particularly given
the different sampling resolutions-¢land 86s).

Though measurements from the stationary and mobile instruments were not highly
comparable under thesenditions, 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
threeburns 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 fidevel detail on the spatial extent and concentradiffierences within the
plume. The VAMMS data also more clearly captures the impact of lower elevation on increased
downwind PM s concentration. Meanwhile, the stationary monitors were able to capture temporal
variations in the plume.

Findings from this action 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 characterizednibaimg
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duration is short, and neéield 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 ddod 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 (3min) data typical of mobile monitors and low time desion (1-hr) data typical of
the ambient PMs monitoring network. Given the variability inherent in an instantaneous
measurement, we are interested in quantifying the expected variation that a singiendigh
resolution measurement may have comparddhoaverages. 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 ¢inin) to compare to the FEM at the Oakridge, OR air quality monitoring station
during the Cedar Credke.

The raw VAMMS sampling resolution isgl, so we first need to know if asimeasurement
is comparable to a-thin measurement. We show that this is a reasonable assertion by comparing
the s measurements from the VAMMS to thenin mean from the VMMS and nephelometer

(Fig. D.15).

For each of the hours that included a VAMMS passage, we separated the hours by
6variabl ebd or 6stabl ed condit i ennsneplhemetegy t he
measurements for each given hour. If the standarati@viwas less than 10 pugfor the hour,
the conditions wer e 6shovwsithd PMseodcentratidnaakeraged in @ Fi g u

four different intervals (dnin, 5min, 10min,and36émi n) , f or t he O0st abl e d
respectively. Fot hi s data set, 6vari abl ed condisti ons
concentrations above 50 ug®n whi l e 6stabl ed6 condilfThedmis never

medi an for oOvariabl ed € withdaxtimuro valses abave8@mmnmound 3
3
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Figure 5.6: Box plots of the PMsconcentration from the nephelometer at the Oakridge, OR air ¢
monitoring station (left) during variable (top) and stable (bottom) conditions. The percent erra
nephelometer concentration measurement compared tehthengan from the BAML022is shown fo
each set of conditions (right). For the boxes, the median is the line, the top and bottom of the b
75" and 2% quartiles, the whiskers are the minimum and maximum value, and outliers are showr
circles The boxes are shadesing AQI breakpoints and colors. These data were collected between
and Oct 12, 2022 during the Cedar Creek wildfire.
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Figure 56 also shows the percent difference of the interval measurements compared to the
1-hr mean concentration (whe the 1hr mean is the true value, and the interval concentration is
the estimated value). Under O wvmimmeasorémer@coald ndi t i
be as high as 70% but was most frequently around 20%. It was only after 30 mirsaeglfig
that the difference was drastically reduced to a median of 12%.

Nonetheless, even in the case ahih of data, the VAMMS would most often record a
measurement within 22% of theht mean. Approximately 20% difference may be acceptable if
the goalwere to obtain a senguantitative indicator of air quality conditions. If the goal were to

make a decision related to public safety unde
data or longer, if possible, would provide a more accurate ctratien measurement for the
|l ocation in question. However, since O6variab

hazardous concentrations (median >300 [y, more data would not necessarily change the-AQI
based recommendation.

For 6st almd, andnstantamealus rmeasurement would be sufficient to characterize
the air quality conditions. The median percent difference for thenlmeasurements 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 minimagehanrange of percent
differences at longer averaging times.

For the 15 passages of the VAMMS (Fagl), the median percent difference for thenin
VAMMS measurement was 25% compared to the correspondimgriean of the FEM, under

A

bothbvari abl ed and O6stabl ed conmdediansghown.inFiglrte s 1 s
5.6. For Ostabledé conditions (five of the fifte
For the remaining 10 pass agondtons, thare wecectloeer r e d
instances where the VAMMS happened to pass by when concentrations were near the mean level.
For five of the Ovariableb passages, the VAMM
1-hr mean, but still close enoughthagthh f el | wit hin the same Oappra
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 o6 Rigdll, just 1

or 2-min of sampling resulted in a concentration measurement comparable tbrtheedn in over

50% of the passages.

This finding gives users a quantitativederstanding for how representative the VAMMS
may be and more broadly, how to interpret a figle 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 noten 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 eharacterizing 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 dermined some approaches taken in other mobile monitoring studies
(e.g., accounting for the sensor lag period oreliution) to not be applicable to our application.
For example, the sensor lag period is the time that it takes for the sampled achahe
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 unaccountedlag could bemore significant under specific
circumstances resulting in rapidly changing concentrations, such as sampling laigingay on
a steep elevation gradient. Otherwise, sensor lag is primarily an issue for studies measuring
multiple parameters requiring taiignment of timestamps from multiple instruments, accounting
for differences in sampling resolution and averaging interval, as well as real differences between
t he 1 nstr umetmedoeks.i Thaugh this was anrissua We experienced in ecifisp
case study comparing VAMMS and PurpleAir data during-searce conditions, the VAMMS
is typically used independently. Therefore, in most cases, we expectsadend lag period to be
insignificant for users interpreting these data sets. Forpraifec application of comparing the
mobile VAMMS to stationary monitorspoldsudnonr
refers to the sampling equipment capturing emissions from the monitoring vehicle itself. For our
application, we surmise thamhw particle pollution from the vehicle itself is negligible compared
to the PM s 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 fosgif-of
pollution. As for spatial fidelity, given that our goal is to assesstimal concentrations and
provide actionable air quality information, we surmise conducting repeated runs intended to reduce
spatial uncertainty are of limited value for this gation. 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 fromel2016 Horse River Fire was most similar to our
application(Tam and Adams, 2019They used BBAMs 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 bedarliet 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 conducteddetermine 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 usethe 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 nsnitoe
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 tovelibe impact that
meteorological conditions (like overnight inversions lifting in the morning) can have on the air
gual ity conditions in a region of interest. R
ability to assess air quality conditionsuwally.

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 pDR500 to slightly underestimate ambient conceiungt 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 pDR1500 measurementshdugh given the good agreement between the-pBF 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 pDR500. We also plan to explore the accuracy of the-4BB0 response in
extreme wildland fire smoke conditions (600 to >2500 [xrj).rfthe pDR1500is reported to have
a concentration range up to 400 mdhor 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 rarige,(Monument wildfire) for wildland
fire aerosol.

The mobile and stationary instrument comparisons were largely dependent on the integrity
of each instrumentdos real time clock. For f
measurements witmstantaneous mobile measurements, it is necessary to confirm (immediately
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before sampling) that the retiine clocks in the instruments are aligned to a second or even
millisecond basis. These instruments can only be aligned after the fact if the stigly des
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 teht measurements during the Cedar Creek wildftgure 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 fmoke conditions to be similar if the same
determination for o6évariabled and O0stabl ed con
in source fuels from fires in different regions could impact the interpretation of high time resolution
data corpared 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 regionsdated away from loveost or regulatory air monitors for assisting in
emergency response activities. However, future work should aim to increase functionality (such
as incorporating a redime indicator display) and improve user access to data processihg
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
someof 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 amy fiactors 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 oliseduring 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 shd 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
norttrivial factors in temporary stationary monitoring, however if the dind 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

5.5 Author contri butions
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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 thik ar@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 networkncluding several sitegcross Malawi. Using data collected in North Carolina
and Malawi, we applied and compared the performance of five modelling approaches to obtain
cali brated measurements from electrochemical
sensor package. We also assessed the performance of the integratedpaptatal counter
compared to a filtecorrected 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 dvexeovery.

6.1.1.1 Key findings

1. Performance during the poeployment NC assessment, which suggested the calibrated
ARISense sensor packages (excluding the $&Dsor) would be suitable for supplemental
air monitoring, did not reflect performance in Malawi. @k of coherency in diurnal
trends between calibration model predictions and frequen{phgsical concentration
values showed that LCS measurements made in deployment environments different from
the collocation environment can be unreliable and may eddbsed 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 observatiorshowed consistentinter-site and monthly trends when
comparedo remote sensing data and model produdigr ambient concentrations from
Malawi were also on the order of measuremé&ot® similar studies across SSA.

4. While the ARISense packages survived the 1 year deployment to Malawi and enabled
collection of a larg, 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 logisges restricted by spotty
cellular connection, limited human resourcasd 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 higbncentration biomass emissions during
emi ssion tests at the end of the first yea

6.1.1.2 Implication s

1. Our experience showed that LCS networks are a viable method to collecsmdaeé AQ
data in regions without reference equipment, but this approach requires strict data
evaluaion proceduresnd transparent discussion of equipment limitattongzrevent the
misinterpretation of poor data or model artifagts., an extrapolatio or output from the
machine learning process that cannot be confirmed with empirical evidasoeal,
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 geeralize to other lessdustrialized 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 anéxtended the calibration process for our study. Riwperspective of an
end user or even an applicatiefocused researcher not wholly focused on sensor
calibration and evaluatiothe burden of calibration easily becomes overwhelming. There
is preseny no clear guidance on which model would be appropriate for which sensor under
which circumstancesr how to select the best approathis limits the potential user base
of LCS technologies, complicates our ability to generalize findings across difasdrgs,
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 edfrid applications. Future solmowered deployment
efforts should be demned to allow for primary and secondary data recovery goals (i.e., a
backup 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 ad limited technical capacity and assistance availability be considered before
deployment to remote locations. A repair kit with basic equipment (e.gprpgeammed
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USB devices, alternate SIM cards, hand tools with attachments specific to each LGIS) store
in a nearby, secure location would have allowed for quicker troubleshooting and repair.

Operation beyond specified conditions, combined with ~100 hours of exposure to high
concentration gases during the pdsployment emissions monitoring experiments,
damaged the three less robust sensors (NOg, KI&) and made them unsuitable for
continued usélNe caution end users to carefully selecappropriate sensor package given
pilot information about the emission sources in their target site.

While LCS in SSAshow 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 régnal, 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 Chapger 2,

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 qualittuding meteorological trends and
seasonal burning activity were explored and discussed.

6.1.2.1 Key findings

1.

The complete muklyear data set (2017 to 2021) provides a previously unavailable long
term AQ record for Malawi.

Biomass burning in SSA during the hdty season had measurable impacts on regional
AQ, increasing ambient PM2.5 and CO concentrations by a factor of 0.5 to 3.

Traditional stoves and smaltale biomass burning activity in concentrated village settings
have measurable effects on ambient catreéions. Concentrations in the village sites were
up to three times higher during mealtimes than at the university sites.

Weather and precipitation during the rainy season decreased mealtime peaks by up to 75%
at the village sites. Changes in cookindghddors, emission transport, and/or increased
deposition processes during rainy season led to improved village AQ.

Rural and University AQ trends were clearly distinguishable. The emission impacts of
nearby sources (e.g., cookstoves, cars, etc.) coulddmtified 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 measurementro@aigns to assess the effectiveness of emissions control
strategies.

2. Pollutants like CO, PMs & NOx can give information about nearby emission sources,
while secondary pollutants likes@ive information over larger spatial scales. Leveraging
multi-pollutant data streams from sensor packages improves their applicability by
revealing the likely dominanémission sources in the local deployment environments
( 6soiurfcleuenceddé) compared to the regional ¢

3. Emission generation activity rates may have seasonal trends, therefore assuming a constant
rate throughout the year in an intery 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 fiveveek 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 smalkcale industry sources and compared the values to exietiagurements 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 speciesn lefficiency and size, etc.) to assess how these
factors contribute to differences across and within studies.

6.1.3.1 Key findings

1. Measurements of thome cookstoves in SSA, from this study and similar studies, suggest
thattraditional stoveCO EFs are ~30% highen thisregiont han t he o6éopen <coc¢
0f uel wo otthad arevnast ofers used in emissions inventodad are basd on
aggregadd measurements fromultiple global sources.

2. Compared taraditional stoveshiechitetezo mbaulaookstove significantly reduced B
and CO emissionby 40% and 20%, respectivelgut did not impact fuel consumption
rates.

3. This study reslted in EFs that were significantly different from previous measurerménts
cookstovessouthern Malaw(Wathore et al., 2017)Xespite using similar measurement
equipment and methodologyruel 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 Els,ch®M:s EFs that were thirteerintes lower than
traditional stovessuggesting this activity cannot be accurately represented by EF values
for Oopen cookingho.

5. Small earth mound charcoal kilns in this region may be half as efficient at converting wood
to charcoal thahe 28% first measad andlater assumed in key earth mound charcoal
kiln literature This implies that yieldbased EFs (g kg charcoal produéedalculated
assuming 28% vyield will lead to an underestimation of the impact of the charcoal kiln
emissions in rural SSA.

6. Assumptons 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 moundcobhbkilns. Any emission
inventory using these values-iasis subject to a fivéold underestimation due to this
mistake.

6.1.3.2 Implications

1. Emission factors measured during uncontrolleehome combustion are highly variable.
Factors like fuel species, fusloisture, variation in the skill and preferences of cook or
producer, and the quality or condition of the stove/kiln may all contribute tesateple
and intrasample (i.e., literature) variation in measured EFs for a single source category.
Consideratn 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 etadh d
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 gtimates. 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 yieldased and fudbased units in the same table have contributed
to multiple errors in major emissions products and Els. Where possible, it would be clearer
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to avoid reporting values with mixed units in the same table, and axalable, to choose
activity data on a common unit basis for all sources.

. Accurate and wpo-date activity data still represents a major barrier to accurate emissions
guantification in this region. Though emissions measurements are still limitedsin thi
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 nmtihéésarea,

the focus should turn to better characterizing activity rates for each of the source categories.

6.1.4 Chapter 5 summary

In this chapter, weshifted to measurements in a domestic setting evaluated a
supplemental mobilenonitoring systenfVehicle Add-on Mobile Monitoring Systemjleveloped

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 burmig of grasslandis KansasWe used a stationary network of federal equivalent

method monitors and lowost sensors to evaluate the performance of the mobile monitor and

assess its ability to characterize regional air quality impacts from large wildtasdahd from
localized impacts from small, prescribed fires. We also explored Foantl 1min measurements

compare to low time resolution measurements under wildfire conditions to aid users in interpreting

and acting on higimeresolution data.

6.1.4.1 Key findings

1. Mobile measurements from the Vehicle Add Mobile Monitoring SystenfVAMMS)

were accurate and linear compared to a statiofetgral equivalent method reference
monitor (NRMSE = 30%, R= 0.90) during a large wildfire episode imegon VAMMS
measurements were also consistent with stationary measurements from large network of
27 lowcost sensors over a-2ay period durin@ wildfire in California

For small plumes, such as theescribed burning experimentke plume was observed to
vary overshort 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 understandingroéreal
conditions on the ground.

High time resolution measurements had a median difference of around 20% compared to
1-hr measurements duriragewildfire and in most cases, just 1 or 2 minutes of sampling
was sufficient to capture a snapshot of the conditioas area.
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6.1.4.2 Implications

1. Mobile monitoringwith the VAMMS can reliabledata in impacted regions located far
away from lowcost or regulatory air monitorand can assish emergency response
activitiesthrough avariety of applications includingpadway visibility assessment, general
situational awareness, spatial variability characterizatdfanr quality conditionsandthe
identification oflocations suitable for additional stationary monitoring

2. In general, this work highlights the valueusfing 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 ofemporary statinary monitos may not be as convenient as mobile
monitoring with the VAMMS (due to the need for care$itle selection and the time
required for deployment and retrieyabut the added temporal information can be helpful
for understanding quickly changjrand dynamic smoke conditions. Furthethe fire and
impacted area are smabinly a few monitors maybe sufficient to map and create a
timelapse of the plume, which may help to inform and evaluatestiake plume modelling
efforts.

6.2 Overarching conclusions

Though the findings from each chapter are mostly@mitained, 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 demesigiiapotential value, uses, and
limitations of portable and lowost 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 costral 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 spage pur
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 withadlutant chemistry, transport, and
co-emissionbehavior 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 mag@snents 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 semsgeas(e.
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 senséhe remoteness of our deplognt locatios (i.e., dozens of kilometers from

urban centerand tens of thousands of kilometers away frommejle it more difficult to assess

the status of the equipment, identify issues and repair them.

Initially, this finding seems difficult to reconcile witgiven that one of the main
motivations for using low cost and portable sensor technologies is tatcddéa inremote
environments without other data sourd@s the contrary, it only emphasizes the need for creative,
robust, and studgpecific data quality assurance plans. One major challenge and barrier to using
low cost and portable sensors is theagahlack of uniformity that exists to calibrating and
evaluating them. Findings from this work suggest that this may not (yet) be a reasonable
expectation forommercially available portable and laast sensorsGiven that the potential
applications arso 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 geb&calparticularly
in regions where other data sources are limited.

Going forward, manufacturers, researchers, policymakers, and consumers are expected to
continue to develop and use these tetilely at an accelerating pateftentimes without regyd
for data quality. Continued disregard for data quality could eventuallytdemtbss of credibility,
causing the use afiese technologies to fall out of popular pract8een this reality, it remains
a priority for these invested groups to conérto interact with one another to create and define
expectations, guidelines, and even legal policies. In this waytilitg and reliability of these
technologies can steadily improve.

6.3 Future research directions

In addressing the questions and objexdiof 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, AfrigAir ittps://www.cmu.edu/epp/afriqajr/a collaboration of multiple
universities and institutiongstablished and has supporgebtylrid low-cost and reference grade
air quality monitoring network in 11 countries in AfrisenceJune 202@Giordano and Jaramillo,

2021) Ideally, asthey grow, theywill continue todevelop procedures and include options for
external organizations and entities to use the equipment. This could dramatiqedlyd and
diversify who has access to air quality information throughout thesotinent, with the aim of
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supporting local aiquality researchers and-aountry agencies and universitiddew global
partnerships and projects, such @bke Clean Air Monitoring and Solutions Network
(https://camsnet.ory/, ar e supporting this goal by creat.
to facilitate the exchange of knowledge and data. At the same time, OpenAQ, an environmental
nonprofit, has worked to aggregate and provide free-gparce data from this type of networks,

and is currently reporting reime PM.sdata from dozens of sesrs and monitors across SSA
(https://explore.openag.ojg/The augmentation of this type of technical and human resource
networkmaymake remote and rural air quality monitorigwgd reportingnuch more feasible and
successful in the lontgrm.

Our emissias measurement campaign highlighted the need for additional representative
measurements of the many types and sizes obtassed industry kilns throughout the region but
largely indicated that there is sufficient cookstove emission data available liteth&ure of
baseline technologieer 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 emissioneasurements, 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 variality that may be better characterized and parameterized in a lab or partially
controlled field environment. These sources of variabiléyg., fuel condition and moisture,
refueling practices of the cook, etc.) have been observed to influence whethendapatove is
able to reduce emissions compared to traditional stoves. By extension, thesenfagtalso
contribute to whether a cookstove intervention appears to be successful. The calculation of carbon
credit and offset programs, which have bemplicated for being overly generous in their
estimated impadWiehl et al., 2023)could be improved by better accounting for the impact that
sources of variation (i.efrequency of use, behavior of cook, fuel quality and moisture, etc.) have
on a given stovebs emission and fuel reducti o

Finally, during our assessment of the U.S. EPA mobile monitoring system for wildfire
impacted areasye identified a ned to increase functionality (such as incorporating athese
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 spepé@ddas
and/or locations for further analysis. The mobile monitoring system also creates amathod
to characterize smoke plumes in regions with steep and complex t¥vitadne it would not be
feasible to deploy a temporary stationary network, ieafmonitors can be easily driven along
roadways located along mountain passageways capturing the impact of elevation on pollutant
concentrations. Further, mobile monitoring could potentially be uséthgoove our ability to
model smoke dispersion over finspatial 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
netvork. Controlled burns provide an ideal experiment matrix to evaluate predictions from
modeling toolsas 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 showfigure A.1 see Cross et al. (2017) for full
description. Version 2.0 addexn GSM cell module and replaced the-B41 with the OxB431
sensor (Alphasense Ltd., UK). The ARISense sensor packages used AC or DC power and drew 3
T 4 W on average. In rural Malawi, units relied on a DC power system of fédlatBsolar panels
and fou 12,000mAh rechargeable batteries; batteries were in a separate vpeatfied 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. Deptaychent in Malawi,
data files were periodically sent via email or uploaded to a shared Google Drive bgitalooal
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 +@e 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 clingatetrolled weighing chambéor 24 hours
(22 £ 2 °C, 35 + 2.5 % RH) and charge neutralized with Polonium and electrostatic ionization
sources prior to pre and post wei gkjOlgg on an
readability). Field handling blanks (N= 3) were collecte Malawi and were used to correct the
gravimetric PM s 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 inMalawi (when possible) and in the freezer after returning to the U.S. While
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in transit, the filters were at ambient temper

concentrations were used to post correct t he

A.2: Detalils 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 Malaw 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 diffées)t3
a 24hour 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 instrumemafleft) at the Triple Oak monitoring site
(right), North Carolina, USA. Image source: Google Earth Version 9.143.0.0 (May 1, 20C8).
Collocation Site, Durham, NC, 27560 USA35.865°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/ag/ambient/BiRite Envista.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 valuksiwtcost gas (ozone) and
particle sensor evaluation. Adapted from Table2EBuvall et al., 2021a, b). ppbv = parts per billion by

volume.

Performance Metric Oz Target Value PM2s Target Value
Precision Standard deviation (SCDR O 5 ppbyv O 5 g m
Coefficient of Variation (cV) O 30% O 30%
Bias Slope (m) 1.0+£0.2 1.0+0.35
Intercept (b) 5 O b O 5|5 O0b ® 5 O
Linearity Coefficient of Determinaton® |[O 0. 80 O 0.70
Error RootMean Square Error  RMSE)| O 5 ppbyv RMSE O “Tor Og
NRMSE O 30%

The Coefficient of Determination fRwas used to assess linearity. Raneasurements,

Y p R (1)

where® ; is the concentration as measured by the ARISense manitog; is the
corresponding concentration measured by the reference instrument, and

w 5 O 5 -B @ (2)

The error in the ARIBnse measurements compared to the reference measurements was
assessed using the Root Mean Square Error (RMSE):

YO Yo 2 G 3)
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To assess precision, the Coefficient of Variation (cV) was used:

0 0 - (4)

(5)

0«
€
0«
|
o
€
¢

To assess bias, we fit a linear regression model using the reference measurerhents as t
independent variable or O6trued concentration
variable or O0estimatedd concentration and cal

Az § ® (6)

€

whered is the slope andis the yintercept.

For OPCN2 measurements, prediction intervals were calculated for méamaveraged
RH-corrected ambient PM concentration measurements for each ARISense-RP@sing
collocation data from ARI023 (Table2 collected at the Village 2 site (Fig.1d). Prediction
intervals are a useful predictor to interpret future optical particle sensor readings collected after
the evaluation perio@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
reasms: a) we observed highly similar responses from the Alphasensé\@R@its in ARIO13,
ARI014, and ARI015 during preollocation in NC (R> 0.9), b) this is the besivailable in situ
collocation data for our specific deployment conditions and sourosa@gand c) we only aimed
to report low confidence level {digma) prediction intervals with our measurements. Further,
several studies have reported high GRZinterunit agreement with a cV around 0.2 (Bulot et
al., 2019; Crilley et al., 2018; Badurba., 2018), although some review studies have shown low
repeatability and reproducibility across Alphasense ®RQ@inits (Rai et al., 2017).
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To estimate the interval for mean hourly averaged BRGneasurements, we applied a
Box-Cox transformatior(Box and Cox, 19640 a linear regression model usitite ARI023
MicroPEM measurements s  and the OPGN2 measurements as to obtain an error

term in the linear regression model independexi of and normally distributedvith zero mean
and constant variance (Fi§y.3b):

@ _ o p T 7)

where _ = -0.14. Interval estimates for mean hourly ORZ measurements were
calculated as prediction intervals:

&) _ 0 -B ® EoW op Zp - 5 = (8)

wheretisthetst at i stic value for a given | evel
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Figure A.3: RH-corrected OPEN2 PMysmass concentration {Ir avg.) linear model residuals and fit
range. Residuals = difference between ENZCand MicroPEM measurements; (a) raw data, and (b) box
cox transformed data with outliers occurring fron® 3AM local time (the morning cooking period)
excluded. Original R Cod@ean, 2021)
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The prediction intervals were reveisansformed and used éstimate the range of mean
hourly & measurementOutlying observations occurring betweefi AM were excluded
for the fit to converge due to high ambient RH conditions (> 70%) coinciding with periods of fresh,
biomass emissions from addy morning cooking activity (Figh.4). The analysis was completed
in R (version 3.6.0) using RStudio (version 1.2.5042) M#&SS(version 7.351.4)andggplot2
(version 3.3.2) libraries.

60-min averaged, RH-Corr, 3-6A excluded

30-

o
=
-
-
-
P

0 10 20 30
uPEM (ug m-3)

Figure A.4: Alphasense OPGI2 RH-corrected PMs mass concentration versus MicroPEM RM
concentration data used for the linear model; Fit line shown in blue, grey shaded area indicating 68%
confidence interval in slope; Dotteddrdines indicate 68% prediction interval upper and lower limits
calculated from the linear model. Data arenti@ averaged. Data collected fror6AM (morning cooking
periods) were removed for the fit to converge. Original R GBéan, 2021)

158



A.4: Satellite images of Malawi deployment sites

(VILLAGE 1

@VILLAGE 2

Google Earth .

Imane 20 MaxEr echnoiGaiEs

Figure A5:Satel |l ite i mage of Mul anje AVill aged sites
monitoring sites. Image source: Google Earth Pro Version 7.3.4.82d&nje, Malawi.Borders and labels
layer. Accessed: June 5, 20@DGoogle Earth 2021.

FigureA6:Sat el | ite image of AUNniver si t-ygoStmbnitddiryBittt s c al
ARIO15 was deployed to the University site and was mounted on the roof of an office building (7em abov
ground) at the Bunda College of Agriculture in the Lilongwe University of Agricultural and Natural
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