
ABSTRACT 

MOIN, SHEIDA. Evaluating the Benefits of Near-Continuous Monitoring, Real-Time Control, 

and SCM Visibility in Performance of Stormwater Control Measures. (Under the direction of Dr. 

François Birgand and Dr. William F. Hunt, III). 

 

Increase of impervious surfaces due to urbanization affects the natural hydrologic cycle 

(National Research Council, 2009) by reducing infiltration and evapotranspiration of stormwater 

and increasing runoff volumes and peak flowrates (Federal Interagency Stream Restoration 

Working Group 1998). Such changes can lead to flooding, soil erosion, and degradation of water 

quality in receiving streams (Walsh et al. 2005; Erickson et al. 2013). Traditionally, stormwater 

was quickly conveyed from urban landscapes to reduce local flooding. Management of 

stormwater eventually evolved to temporary storage of runoff to reduce downstream flooding 

(Niemczynowicz 1999). More recently (1980s &1990s), water quality control became an 

important part of stormwater management (Niemczynowicz 1999). Currently, implementation of 

stormwater control measures (SCMs) within urban areas is one of the main strategies to mitigate 

the effects of urban stormwater runoff by restoring some of the characteristics of natural 

hydrologic cycle (Burns et al., 2012).  

The next step in stormwater management is to improve the capacity of current SCMs to 

accommodate foreseeable future changes, such as (1) growth of urban areas alongside population 

growth and (2) changing patterns of rainfall frequency and intensity. The worldôs population will 

increase from the current 7.8 to 9.7 billion by 2050, and 66% of this population is expected to 

live in urban areas (UN, 2014). The current percentage of urban dwellers is 54% (UN, 2014). 

The growth of urban areas and high demand on land would lead to both a shortage of space and a 

high cost of real estate. Therefore, SCMs placed within the urban environment should optimize 

hydrologic and water quality mitigation for the occupied footprint. Further, SCM designs should 



   

 

 

perhaps accommodate for the changing precipitation patterns (Rosenberg et al., 2010). Currently, 

SCMs are sized based on the historic precipitation data. However, a change in rainfall frequency, 

intensity and occurrence of more extreme events (Alexander et al., 2006; Wuebbles et al. 2017) 

suggests design methodology should likewise change.  

In an effort to improve SCM performance, this study investigates three main areas: (1) 

pollutant dynamics of stormwater runoff at near-continuous resolution, (2) use of real-time 

control (RTC) technology, (3) and SCM maintenance. Near-continuous water quality sampling 

of stormwater can bring further understanding of the pollutant dynamics and identify the portion 

of stormwater that carries the majority of a pollutant. Given such information, the selection on 

type and sizing of the SCMs can be optimized for targeted pollutant treatment. RTC technology 

is the controlled release (as opposed to passive release) of water from a basin in response to an 

incoming volume (i.e., storm event) and can be applied to volume-based SCMs. RTC has proven 

useful for optimizing the volume capacity in wastewater and sewer systems (Schütze 2004; Pleau 

et al. 2005). Use of RTC on SCMs can both (1) increase the retention time and thus improve the 

water quality treatment, and (2) increase volume capacity to capture entire events. Lastly, 

receiving proper maintenance is critical for long-term performance of SCMs. This study 

examines the effect of an SCMôs visibility on its maintenance and consequent function.  

The selected SCM types were a constructed stormwater wetland (CSW) and a wet pond 

for the first two areas of study; bioretention was added for the third. These are primary SCMs 

(providing highest pollutant removal) and among the most popular SCMs in North Carolina. 

Additionally, the large footprint of CSWs and wet ponds can be a limiting factor in their 

placement and widespread use therefore, these two SCMs can benefit from performance 

optimization and potentially size reduction. 
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CHAPTER 1: USING OPTIC SENSORS FOR NEAR-CONTI NUOUS WATER 

QUALITY MONITORING OF STORMWATER RUNOFF  

Abstract 

Spectrophotometer sensors proven to be insightful in different fields of hydrological 

research, were tested for application on a stormwater wetland for near-continuous water quality 

monitoring. This paper provides methods, challenges and uncertainties associated with using 

optics-based spectrometers for stormwater water quality monitoring. Use of spectrophotometer 

sensors allowed for sampling at 4-minute frequency and sampling 62% of events comprising of 

95% of total recorder precipitation volume. Challenges of using spectrophotometers in 

stormwater included the generally low concentration ranges for nitrate, and the flashiness of the 

hydrology that rendered calibration of the instruments difficult. Two local calibration methods 

were tested: simple linear regressions (SLR) and partial least square regressions (PLSR) between 

concentration values reported by the instruments and those from the laboratory. The uncertainties 

in predicted concentrations, quantified in this study, were due to the regression type, number as 

well as stratification or lack thereof, of calibration sample pools. In the end, we were able to 

show that the annual loads, using PLSR as the calibration method on stratified samples, could be 

estimated within -11.9% to +9.4% for nitrate, -6.1% to +5.9% for DOC, and -14.3% to +15.6% 

for TSS. Load estimation on an event basis showed higher uncertainties for some events. 

Overall, loads were estimated within ±10% for 52% (nitrate) and 62% (DOC) of events, and, 

within ±20% for 83% (nitrate) and 86% (DOC) of events. SLR models for event load estimates 

presented lower uncertainty ranges, within ±10% of the median load among 96% (nitrate), 90% 

(DOC) and 59% (TSS) of events and within ±20% for 86% events (TSS).  This article is the first 

of this kind reporting the use of optic sensors in a stormwater setting and suggests that the 
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uncertainties on the event loads are a little higher than the ones expected using flow proportional 

composite samples when used properly.  These sensors provide, however, information on the 

dynamics of nutrient and material export that can be used to better predict the performance of 

SCMs.  
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1.1 Introduction  

In situ ultraviolet to visible (UV-Vis) spectrophotometers have been introduced to field 

research in the 1990s (Ojeda and Rojas, 2009). They have been in use for water quality 

monitoring in wastewater (e.g., Langergraber et al., 2003; Wu et al. 2006; Torres, and Bertrand-

Krajewski, 2008), streams in agricultural watershed (e.g., Albert et al., 2013; Liu et al., 2016), 

streams in urban watersheds (e.g., Duan et al., 2014; Halliday et al., 2016; Cizek et al., 2019), 

tidal wetlands (Etheridge et al., 2013), reservoir (Birgand et al., 2016), and woodchip bioreactors 

(Maxwell et al. 2019).  

Current methods of water quality monitoring in stormwater often involves flow 

proportional composite sampling (FPCS) that consists in compositing into one container, 

samples automatically taken at regular flow volume intervals. In stormwater, flow tends to occur 

only during and shortly after rainfall events. It is thus customary to analyze stormwater 

hydrology and water quality at the event scale. As such, FPCS is very well suited to yield water 

quality information on an event basis, as it yields one representative sample per event, and the 

concentrations of which are referred to as the eventôs mean concentration (EMC). EMC can then 

be compared across systems or used to calculate pollutant loads. 

However, FPCS and EMC give no information on pollutant dynamics, e.g., in and out of 

a Stormwater Control Measure (SCM), leaving little opportunity to understand their internal 

functioning and/or interpret the observed pollutant removal. Automatic samplers that perform 

FPCS have the capacity to obtain discrete samples from which pollutant dynamics can be drawn 

to some extent. But these have in the best cases 24 samples available, leaving the choice of high 

resolution over short periods of time (2-3 days), or low resolution over longer periods (Harmel et 
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al., 2003), and in all cases high analytical costs. Depending on the water quality sampling 

method, low-resolution data collection can lead to high error on event load estimates (Chapter 2).  

Spectrophotometers allow monitoring of water pollutant concentrations at the minute 

resolution scale.  This theoretically greatly reduces the measurement uncertainty caused by 

standard low frequency sampling (e.g., Birgand et al. 2011), and gives the opportunity to provide 

new insights about pollutant dynamics (Kirchner et al., 2004; Glasgow et al.,2004), and may be 

the only possibility to capture those in extremely flashy watersheds (e.g., urban).  

The spectrophotometer by S::CAN® measures light absorbance in the ultraviolet to 

visible range (200-730 nm) and is advertised to measure parameters such as total organic carbon 

(TOC), dissolved organic carbon (DOC), total suspended solids (TSS), and nitrate (NO3
-). Using 

an absorbance from the UV to visible range allows measurement of multiple parameters, with 

higher accuracy (Van Den Broeke, et al. 2006). The spectro::lyser® interprets the absorbance 

fingerprint, using simplified chemometric techniques embedded on the in situ sensor and referred 

to as the ñGlobal Calibrationò, to estimate pollutant concentrations. However, local calibration 

using local samples can largely increase the measurement accuracy (Langergraber et al., 2003; 

Rieger et al., 2006; Torres and Bertrand-Krajewski, 2008; Etheridge et al., 2013). The mentioned 

authors suggest, using principal component analysis (PCA) and partial least square (PLS) 

regression to detect the concentration and absorbance relationship.  

This paper reports the use of the spectro::lyser from S::CAN to obtain high-frequency 

water quality data in an urban watershed. The objectives of the study were: (1) to evaluate the 

benefits and challenges of, (2) to develop a methodology for, and (3) to evaluate the associate 

uncertainty in, the use of in situ spectrophotometers in non-sewage stormwater water quality 

monitoring.    
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1.2 Methods 

 Site description 

The selected site was a stormwater wetland located on the campus of North Carolina 

State University. The watershed for this wetland was 9.12 ha, 30% impervious surfaces (Figure 

1.1).  

The location proximity of the selected site facilitated close observation and frequent 

maintenance of monitoring set up and equipment. The monitoring period reported in this paper 

covers a period of 20 months in total from December 2017 until August 2019. Two monitoring 

stations were installed at the wetland at the inlet and at the outlet. 

 

  

Figure 1.1 Watershed delineation (dotted line) and area for the stormwater wetland in research 

(highlighted in green) 

 

 Monitoring set up 

 Flow Monitoring  

At the inlet, a 90-degree wooden weir was installed to measure flow. Flow was calculated 

from the stage upstream the weir measured using ñTeledyne ISCO Bubbler Moduleò model 730, 

at 2-minute intervals (Figure 1.2) mounted on a 6712 ISCO Sampler. At the outlet, flow was 

measured using two complementary systems. The first one was an area velocity meter, 

9.1 ha 
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ñTeledyne ISCO AVM Moduleò model 750 mounted on a 6712 ISCO Sampler and installed in a 

culvert downstream of the water level control structure in the wetland (Figure 1.3). A minimum 

of 10 cm of water was kept above the sensor at all times. Area velocity meters (AVM) perform 

well during high flow, but often fail to obtain accurate measurement at low flows. Hence, to 

obtain more accurate flow readings, a second system was installed. The outlet orifice was 

equipped with a 30-degree weir box and a pressure transducer (HOBO U20L-04Ê) to collect 

water level readings. The flow measurements obtained from this weir box were used as the 

outflow of the system for most of the storm events, and, for large events when there was 

overflow at the water level control structure and bypassing the weir box, AVM data was used for 

flow calculation.  

 Water Quality Monitoring  

Four-minute water quality monitoring was performed using Spectro::lysers®  by 

S::CAN® Messtechnik GmbH with optical path length of 5 mm and measuring light absorbance 

over the 200-730 nm range. The spectro::lyser probes were fitted with the ruck::sack automated 

brush activated before each measurement to prevent blockage of optical path length by debris, 

and minimize fouling on the optics (Figure 1.2, Figure 1.3). 

For local calibration of the spectrometers, discrete water quality samples were obtained 

using a ñTeledyne ISCO portable auto sampler model 6712ò with the 24-bottle configuration. 

For best calibration, it is recommended to cover the entire range of observed concentration (low 

and high values) (Rieger et al., 2006). To sample along as large a concentration range as 

possible, the flow proportional sample triggering method available on the ISCO sampler was 

used. The flow proportional sampling can yield more samples during high flow events, 
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increasing the chance to obtain concentrations in the upper range values at these times despite 

their inherent scarcity.  

   

Figure 1.2 Inlet monitoring set up -weir (left), autosampler intake and spectrophotometer 

(middle), autosampler and spectrophotometer control (right) 

 

   
Figure 1.3 Outlet monitoring set up ï control box (left), weir box and pressure transducer 

(middle), spectrophotometer (right) 

All instruments were powered by 12 volts batteries charged by solar panels, appropriate 

for their required power. Spectrophotometer probes used in this study often require solar panels 

with a higher power (100 W) than ISCO auto samplers (10W) due to their high amperage. 

 Sampling protocol 

At the inlet, discrete samples were taken at every 8.5 cubic meter (300 ft3) using ISCO 

auto sampler model 6712 with 24-bottle configuration. Selection of best pacing to collect 

samples in stormwater is often done such that the majority of the hydrograph be sampled 

(Strecker et al., 2001). However, in this research the objective of sampling was to capture as 

wide a range of pollutant concentration as possible and specifically samples of high 
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concentration. Hence, a smaller pacing was selected that did not cover the entire hydrograph but 

would collect more samples at or near the hydrograph peak. 

Discrete absorbance values of runoff were measured every 4-minutes, using the S::CAN 

spectrophotometer. The 4-minute time interval was selected based on the data storage capacity of 

the device as well as the possible frequency of maintenance. This time interval allowed for about 

4 days of data storage on the device and hence mandatory maintenance after that period for data 

retrieval. Samples were collected from the site, within 24 hours after the end of a storm event 

and stored in a fridge at 4°C before filtration and delivery for lab analysis 

 Instrument Maintenance 

The tasks presented in the following paragraphs were performed at every site visit to 

ensure accuracy of collected data and functionality of instruments for future data collection. 

Initial maintenance tasks included, data download from all instruments, taking water 

samples and replacing the auto sampler bottles with clean bottles, checking the battery status and 

clock on the instruments. Since further process of collected data required comparison of water 

quality samples with spectrometry readings, the time stamp of the samples was particularly 

important and there was a need to ensure time alignment between sensors. Additionally, at each 

site visit, the actual water level was measured at each station manually and in case of 

discrepancies, it was adjusted on the instrument and recorded on field sheets. Inlet and outlet 

pipes were cleaned at each site visit to avoid accumulation of debris upstream the weir that could 

have resulted in false reading of pollutant concentrations. 

Maintenance of the spectrophotometer entailed ensuring the cleanliness of path length, 

automated brush and lenses and followed those described by Etheridge et al. (2013). The 

automated brush was cleaned with deionized water and a plastic brush. The process of cleaning 
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the path length and lenses included rinsing with deionized water, scrubbing with brushes and 

application of a diluted acid (HCl 5%) with cotton swabs left on the optics for about a minute, a 

second rinse with deionized water and finally drying of the lenses using paper tissues. To 

evaluate cleanness of lenses, the cleaning procedure was followed by an air absorbance 

measurement. This task was performed until the air absorbance measurement resulted in a flat 

reading of less than 10 (m-1), which is close to air measurement taken initially with the 

instrument with default manufacturer setting.  The procedure was repeated until absorbance 

values in air were within the desired range.  

In case of a dry period longer than 2-3 weeks, a maintenance site visit was necessary to 

ensure cleanness of the spectrophotometer lenses before an event was forecasted. Effort was 

made for the lenses to be cleaned within a week before an event. This was decided as the 

automated brush scrubbing of the drying optics lefts traces on the optics that needed to be 

removed.  

 Calibration of the in situ spectrophotometers  

The spectro::lyser probe calculates concentrations of pollutants using its internal standard 

spectral algorithm referred to as the óglobal calibrationô.  This óglobal calibrationô uses 

proprietary chemometrics techniques to calculate concentrations from the absorbance spectra. 

Our understanding is that the óglobal calibrationô has been established using thousands of points, 

and is therefore very robust, but gives an average correspondence between light absorbance and 

concentrations, which might not exactly fit local conditions. Additionally, the óglobal calibrationô 

uses parsimonious algorithms to accommodate limited computing capacities in situ. Although the 

instrument does provide a tool to adjust the global calibration, many articles report the successful 

use of PLS regression (PLSR) to directly correlate absorbance spectra with concentrations at a 
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particular station (e.g., Langergraber et al., 2003; Rieger et al., 2006; Torres and Bertrand-

Krajewski, 2008; Etheridge et al., 2013).  

PLSR was used to calibrate the absorbance spectra with collected local samples. The 

pollutant load estimates, resulting from this calibration were then compared with those calculated 

using simple linear regression (SLR) calibration. SLR method was used to calibrate the 

spectrometerôs óglobal calibrationô results with collected local samples. The first step for 

calibration of in situ spectrophotometer using PLSR method is selection of proper calibration 

samples. Rieger et al. (2006) identified criteria for local samples to be used in calibration: (1) 

equal distribution over measured concentration range, (2) include temporal variability, (3) time 

alignment of spectrophotometer reading and sample, (4) accuracy of laboratory analysis, and (5) 

higher number of samples to compensate for laboratory errors. 

 Discrete Sample Selection for spectrophotometer calibrations 

Among the discrete water quality samples collected from each storm event, only a few 

were selected for laboratory analysis. The selection criteria were, (1) time alignment with 

spectrophotometer readings, and (2) variability of concentration range (3) uniform distribution 

within the concentration range. Indeed, the timings for flow-proportional sampling was 

independent from the spectrophotometer readings. Only samples collected within a minute of the 

spectrophotometer readings were kept. To select samples with a variable concentration range, the 

turbidity values calculated by the instrument were used as indicators of concentration range. To 

ensure uniform representation over the concentration range, an effort was made to select samples 

with higher concentrations because of their inherent scarcity.  

The selected samples were then prepared for laboratory analysis. A portion of 300 ml of 

the 900 ml sample, was separated for TSS analysis and the rest of the sample was filtered to 
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obtain 60 ml sample to analyze for the rest of the pollutants. Analyzed pollutants included 

Nitrate (NO3
ī-N), Ammonium (NH4

+-N), Total Dissolved Nitrogen (TDN), Total Suspended 

Solids (TSS), Orthophosphate (PO43ī) and Dissolved Organic Carbon (DOC). Samples were 

tested at the Environmental Analysis Laboratory at NC State University. Table 1.1 summarizes 

the laboratory analysis methods. 

Table 1.1 Laboratory analysis methods 

Parameter Analysis Method 

NO3
ī-N Standard Methods 4500-NO3-E or EPA Method 353.2 

NH4
+-N EPA Method 351.2 

DOC EPA Method 415.1 with Teledyne Tekmar Apollo 9000, 0.45 µm filter 

TSS Standard Methods 2540D or EPA 160.2 

PO4
3ī-P  Standard Method 4500-P F or EPA Method 365.1 

 

 Identif ication and Removal of Outliers for PLS regressions 

As previously mentioned, the accuracy of laboratory analysis and the proper alignment of 

lab and spectrophotometer readings are important for calibration. Therefore, a selection of 

óworkable samplesô was created by detecting and removing óoutliersô or samples for which there 

was a legitimate concern that they might become ótoxicô for the PLSR.  While this is common 

practice, the extreme flashiness of flow and concentrations of stormflow in these upstream urban 

and relatively impervious watersheds added some complexity to the process. We observed 

(details below) that concentrations often significantly varied within seconds, generating a 

possible mismatch between lab and instrument concentrations when stormwater was physically 

sampled and scanned in situ less than a minute apart.   

From the local samples tested in laboratory, a set of workable samples was created for 

pollutants nitrate, DOC, and TSS. Workable samples were those excluding the outliers and those 

with concentrations above the laboratory testôs detection limits. Samples identified as workable 
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samples for nitrate, were also used in PLSR calibration for NH4, TDN, and phosphate. Outlier 

observations were detected as high residuals of a simple linear regression line between 

laboratory concentrations and those estimated by the spectrophotometerôs ñglobal calibrationò. 

Concentrations of nitrate, DOC, and TSS predicted by UV-Vis spectroscopy tend to be robust, as 

each of these pollutants have a particular absorbance range. Therefore, a linear relationship 

between laboratory and the spectrophotometerôs óglobal calibrationô concentrations was 

expected. The absorbance ranges for the mentioned pollutants are 220-230 nm for nitrate 

(Crumpton et al., 1992; Suzuki and Kuroda, 1987), 250-300 nm for DOC (Rochelle-Newall and 

Fisher, 2002; Saraceno et al., 2009; Fichot and Benner, 2011), and in the visible range (380-780 

nm) for TSS (e.g., Rieger et al., 2006; Torres and BertrandKrajewski, 2008).  

For each pollutant with spectrophotometer reported concentration (nitrate, DOC, TSS) 

laboratory and reported spectrophotometer concentrations were plotted. All samples with 

residuals to the least-square regression line (Hochedlinger et al., 2006) greater than 0.2 mg/l 

were deemed to be outliers (e.g., Figure 1.4). Other criterion for removing outliers was samples 

with reported laboratory concentrations below the detection limit of lab test. Laboratory 

detection limits were 0.1 mg/l for Nitrate and 5 mg/l for TSS. However, the sensorôs algorithm 

measures turbidity rather than TSS. Therefore, the turbidity-TSS relationship was first identified 

and the same outlier detection method was implemented. 
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Figure 1.4 Residual values for linear regression model of laboratory and spectrophotometer 

nitrate values, all observations (left), without outliers (right) 

 

 PLSR calibration  

PLSR was performed using the ñpls packageò (Mevik et al., 2011) in R language (R Core 

Team, 2019). PLSR calibration requires as uniform a representation as possible of lab 

concentrations (Langergraber et al., 2003). Due to the scarcity of high concentration samples, the 

selected workable samples for each constituent were stratified into two bins of low and high 

concentrations. Limited number of samples with high concentration values, prevented use of 

more bins to account for all high values equally.  The number of samples in each stratum was 

selected to be smaller than the total number of samples in the high concentration bin as the high 

concentration bin included the least number of samples among all bins. This enabled simulations 

of variable calibration sample pools in each stratum, hence a distribution of regressions and 

therefore chemographs, from which uncertainties on events and annual loads were calculated. To 

select the most appropriate number of components for each of the PLSR models, up to 10 

components were incorporated for model testing. The selection criteria were a number of 

components that yielded a model with relatively high R2 and relatively low RMSE. These values 
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were plotted against the number of components. The selected value was the number of 

components at the break point of the RMSE vs component curve, plus one (Figure 1.5).  

 

Figure 1.5 Example for selecting the number of components for PLSR model illustrating the 

breakpoint (ncomp = 2) and the final selection choice (ncomp = 3) 

 

 Evaluating uncertainties associated with the continuous water quality sensor  

The sources of errors while estimating concentrations from spectrophotometersô 

absorbance measurements included fouling on the optics, representativeness of the water scanned 

in situ, the calibration method and the distribution of the manual sample concentrations used to 

perform the calibration. As a result, there were as many estimated chemographs as there were 

calibrations, i.e., theoretically an infinite number, hence the need to quantify measurement 

uncertainties for a given confidence interval. 

Two indicators were used to calculate uncertainties: the annual and the event loads. 

Annual loads were chosen because this indicator is often used to evaluate sampling strategies in 

watersheds (e.g., Littlewood, 1992, 1995; Kronvang and Bruhn, 1996; Webb et al., 1997, 2000; 

Littlewood et al., 1998; Horowitz, 2003; King and Harmel, 2003; Wang et al., 2003; Moatar and 
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Meybeck, 2005, 2007; Birgand et al., 2006, 2010, 2011a,b). Event loads were chosen because 

events are the unit of analysis in stormwater and because uncertainties on event loads, assuming 

no uncertainty on flow calculations, correspond to uncertainties on the Event Mean 

Concentrations. 

Loads were calculated as the trapezoidal integral of instantaneous loads calculated from 

the measured two-minute flow and four-minute estimated concentration data (Equation 1-1). 

Two-minute concentration data were obtained by linear interpolation from the 4-min data. The 

annual and event loads were expressed in kilogram per hectare. 

Equation 1-1 

ὒ ὗ ὅz ὸz   

L: annual pollutant load (mg) 

Qi: instant flow (l/s) 

Ci: instant pollutant concentration (mg/l) 

ti: time interval (s) 

Instantaneous concentrations used for load calculations were estimated using three 

methods, (1) concentrations calculated internally and given by the spectrophotometer using a 

global calibration, (2) concentrations calculated using SLR establishing the correlation between 

the sensorôs concentration values with laboratory concentrations, and (3) concentrations 

calculated using PLSR establishing a regression between absorbance values and laboratory 

concentrations. SLR and PLSR models were used on (1) all workable samples (presented as 

reference), (2) from randomly chosen stratified workable samples (much fewer samples), and (3) 

randomly chosen unstratified workable samples with the same size as the stratified sample pool. 

Stratification limited the number of samples used in regression models but allowed for random 
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sampling within each stratum. For comparability reasons, the same number of total samples was 

also used for random sampling within unstratified workable samples. For each stratified and 

unstratified calibration pools, 200 simulations of each SLR and PLSR model was performed, 

each predicting the concentration and load values. 

From the 200 simulations, a distribution of chemographs were obtained, as well as a 

distribution of root mean square error (RMSE) and coefficient of determination (R2) calculated 

for each regression. 

From these, a distribution of annual load values was obtained, from which the mean, the 

median, standard deviation and 90% confidence interval were extracted. Using the same 

simulated chemographs, a distribution of loads was obtained for 29 events, and uncertainties 

expressed as the mean load and the loads corresponding to the 90% confidence interval. These 

29 events were the largest events monitored which cumulative runoff volume comprised 90% of 

the total runoff volume monitored over 131 events.  

1.3 Results 

For practical reasons, at the outlet station the S::CAN instrument and the intake for the 

automatic sampler were placed at two ends of the culvert about 12 m apart, and this made the 

match between S::CAN readings and the discrete samples almost impossible. This ended up 

being a major drawback as detailed at the end of this section. Most of the analysis thus 

concentrates on the data obtained at the inlet station. Additionally, SLR and PLSR methods did 

not yield reliable results for parameters other than nitrate, DOC and TSS (details herein), hence 

the focus on these three throughout the result section. 
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 Workable samples and sample stratification 

Table 1.2 and Table 1.3 show the results of lab analysis for all the samples and for 

workable samples respectively. The following Figure 1.6 visualizes the distribution of these 

values for nitrate, DOC and TSS. As expected, most samples represent the lower range of 

concentrations. The extreme nitrate concentrations were deemed as outliers per explained 

regression outlier detection method and were not included as workable samples. The 

concentration range of workable samples for nitrate, DOC, and TSS were 0.11-0.87, 1.07-20.84, 

5.08-220 respectively. The concentration range of the workable samples defined the range that 

could reliably be predicted by the regression models.  

Table 1.2 Laboratory analysis results for all the tested samples  

  NO3
ī-N DOC TSS NH4

+-N TDN PO4
3ī-P 

No. of samples 201 201 195 201 201 201 

Mean 0.27 7.69 24.99 0.43 1.65 0.17 

SD 0.23 4.22 35.7 1.1 1.57 0.58 

Minimum 0 1.07 0 0 0.15 0 

Maximum 2.13 20.84 220 7.49 11.49 3.84 

 

Table 1.3 Laboratory analysis results for workable samples  

  NO3
ī DOC TSS NH4

+ TDN PO4
3ī 

No. of samples 147 160 114   147 147 147 

Mean 0.29 7.84 26.37 0.49 1.76 0.21 

SD 0.14 4.07 30.55 1.13 1.53 0.67 

Minimum 0.11 1.07 5.08 0 0.26 0 

Maximum 0.87 20.84 220 6.12 8.13 3.84 
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Figure 1.6 Distribution of laboratory concentrations (mg/l) for all samples (left) and workable 

samples (right) 

To achieve a stratified representation of concentration range, workable samples for each 

pollutant were divided into two bins of upper and lower concentrations. The dividing 

concentration was selected based on the distribution of concentration for workable samples as 

0.4, 10, and 30 mg/l for nitrate, DOC, and TSS respectively. Table 1.4 shows the resulted bin 

sizes, as well as the selected strata size. The selected size of strata allowed for random sampling 

within the upper bin and were similar to those reported by Lin (2017). Based on these values, the 
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total stratified samples used in PLSR calibration were 48 for nitrate, 52 for DOC, and 36 for 

TSS. For compatibility purposes the same total number of samples was used for calibration with 

unstratified sampling.  

Table 1.4 Division of concentrations into two bins and selected strata size  

  NO3
ī DOC TSS 

Bin divider (mg/l) 0.4 10 30 

Size of upper bin 112 120 87 

Size of lower bin 35 40 27 

Selected strata size 20 26 18 

 

 SLR and PLSR regression models 

SLR and PLSR regressions were performed on both stratified and unstratified sample 

pools. óReference regressionsô were drawn from all of the unstratified workable samples. 200 

stratified/unstratified sampling variation were created using random sampling of the workable 

samples within a defined limited number of total samples (48 for nitrate, 52 for DOC, and 36 for 

TSS). The resulting regression parameters are presented in Table 1.5, Table 1.6, Table 1.7, and 

Table 1.8.  

Table 1.5 Regression parameters (SLR and PLSR) for Nitrate calibration  

Regression NO3
ī-SLR NO3

ī-PLSR 

Sample type Reference Unstratified Stratified Reference Unstratified Stratified 

No. of samples 147 48 48 147 48 48 

No. of 

components 
  - - 6 6 6 

Regression 

Adjusted R²  

(mean ± SD) 

0.76 0.75 ± 0.05 0.78 ± 0.04 0.79 0.83 ± 0.04 0.85 ± 0.03 

Residual 

Standard Error 

(mg/l)  

(mean ± SD) 

0.07 
0.072 ± 

0.006 

0.075 ± 

0.004  
0.06 

0.057 ± 

0.006 

0.063 ± 

0.005 

 



   

20 

 

Some common observations on SLR and PLSR calibration among different pollutants 

are: (1) both SLR and PLSR calibration resulted in good fits with R2 greater than 0.75, (2) PLSR 

calibrations resulted in better fit than SLR models within comparable sample pools with higher 

R2 and lower RMSE, (3) calibration with stratified samples resulted in a better fit for both 

models within comparable sample pools.  

For nitrate, SLR models with all workable samples or reference pool resulted in R2 of 

0.76. Use of fewer samples in the model, unstratified sample pool, reduced the coefficient of 

determination to 0.75 ± 0.05. However, use of stratified sampling increased the coefficient of 

determination to 0.78 ± 0.04. This increase can be explained by the better representation of the 

concentration range in stratified sample pool. RMSE values, using any sample pool was around 

0.07 mg/l. Despite the low values of RMSE, given the range 0.11-0.87 mg/l and mean 0.29 mg/l 

nitrate concentrations (Table 1.3), this model had relatively large range of error of 24% of the 

mean concentration.  

PLSR model for nitrate using all workable samples resulted in R2 of 0.79. Use of 

unstratified sample pool increased the coefficient of determination to 0.83 ± 0.04 and stratified 

sample pool improved coefficient of determination to 0.85 ± 0.03. All the PLSR models had 6 

components. Therefore, under the same conditions the stratified sampling presented the best fit 

with laboratory tested concentrations. RMSE values with PLSR models were somewhat lower 

than SLR models at 0.06 mg/l, which corresponded to 20% of the mean concentration. The 

PLSR models presented a good fit with R2 in 0.79-0.84 range and RMSE of 0.06 mg/l. However, 

the R2 values were smaller than previous reports on PLSR calibration (Lin, 2017; Belenky, 

2018). This could be due to the lower range of concentration observed in the studied watershed 

compared to those studies. Additionally, the range of observed concentrations were below the 
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spectrophotometerôs range of accurate measurements (>1 mg/l) suggested by manufacturer 

(s::can Messtechnik GmbH, 2019).  

 

Table 1.6 Regression parameters (SLR and PLSR) for DOC calibration 

Regression DOC-SLR DOC-PLSR 

Sample type Reference Unstratified Stratified Reference Unstratified Stratified 

No. of samples 160 52 52 160 52 52 

No. of 

components 
- - - 6 6 6 

Regression 

Adjusted R²  

(mean ± SD) 

0.76 0.75 ± 0.05 0.82 ± 0.03 0.87 0.89 ± 0.03 0.91 ± 0.02 

Residual Standard 

Error (mg/l)  

(mean ± SD) 

1.97 1.98 ± 0.12 1.90 ± 0.14 1.45 1.34 ± 0.13 1.36 ± 0.12 

 

Similar to nitrate, the SLR model on all DOC workable samples, resulted in R2 of 0.76. 

Use of unstratified sample pool decreased coefficient of determination to 0.75 ± 0.05 and 

stratified sample pool, increased this value to 0.82 ± 0.03. RMSE values for this model ranged 

from 1.97-1.90 mg/l, while the sample concentration range was 1.07-20.84 mg/l with mean of 

7.84 mg/l (Table 1.3). PLSR models on the same sample pools resulted in coefficient of 

determination of 0.87 using all workable samples, 0.89 ± 0.03 using unstratified samples, and 

0.91 ± 0.02 with stratified samples. Use of stratified samples for calibration, yielded the best 

model. Additionally, PLSR model resulted in lower RMSE within 20% of the mean observed 

concentration values.  The goodness of fit for DOC concentrations using PLSR model was 

similar to those of previous studies (Lin, 2017; Belenky, 2018).  

Calibration of turbidity values with laboratory measurements of TSS values required use 

of proper model to explain the relationship between the two. Previous studies have identified this 

relationship as a first order linear one (Hannouche et al., 2011; Rügner et al. 2013) or log-linear 
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(Packman et al., 1999). However, visualization of TSS values vs turbidity resulted from global 

calibration, showed otherwise (Figure 1.7). Based on the mechanisms of turbidity measurements 

with light, it was possible for turbidity values to increase as lower pace as those of TSS 

concentrations. Turbidity is measured as the light absorbed by particles passing through the path 

length. During measurement, if different particles align, or a smaller particle is obscured by a 

larger one, then the instrument cannot detect the second particle. Therefore, a first order linear 

relationship may not always apply. Observed data in this study suggested a second order linear or 

log transformed linear relationship between turbidity and TSS values could be used instead. 

Outliers were taken out because of the uncertainty on the synchronization of the automatic 

measurements with the discrete sampling. 

 

  

Figure 1.7 TSS laboratory values and spectrophotometer Turbidity values (using ñglobal 

calibrationò). Initial data (left) No-outlier data (right)  

Second degree polynomial regressions resulted in coefficient of determination ranging 

from 0.88 to 0.91. Linear first order regression of log transformed values resulted in coefficients 

of determination ranging from 0.5 to 0.65. Based on these values the log transformed linear 

regression did not provide as good a fit to describe the turbidity-TSS correlation.    
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Table 1.7 Regression parameters (SLR) for TSS calibration 

Regression TSS-SLR (polynomial) TSS-SLR (log-transformed) 

Sample type Reference Unstratified Stratified Reference Unstratified Stratified 

No. of samples 114 36 36 114 36 36 

No. of 

components 
- - - - - - 

Regression 

Adjusted R²  

(mean ± SD) 

0.88 0.86 ± 0.1 0.91 ± 0.3 0.5 0.50 ± 0.1 0.65 ± 0.7 

Residual 

Standard Error 

(mg/l)  

(mean ± SD) 

10.65 9.37 ± 1.63 11.66 ± 1.84 0.56 0.55 ± 0.05 0.51 ± 0.06 

 

SLR regression of turbidity and TSS also showed best fit with unstratified sample pool 

(R2 = 0.91). PLSR model offered a better fit with coefficients of determination ranging in 0.86-

0.95.  Similarly, with the same number of components, use of stratified sample pool offered a 

better fit with R2 of 0.95. Both models showed relatively large RMSE, 35-44% of mean 

concentration for SLR and 27-31% for PLSR (Table 1.8), considering the observed TSS 

concentration range of 5.08-220 mg/l and mean 26.37 mg/l (Table 1.3). However, RMSE values 

for PLSR model were lower.  

Table 1.8 Regression parameters (SLR and PLSR) for TSS calibration 

Regression TSS-SLR (polynomial) TSS-PLSR 

Sample type Reference Unstratified Stratified Reference Unstratified Stratified 

No. of 

samples 
114 36 36 114 36 36 

No. of 

components 
- - - 6 6 6 

Regression 

Adjusted R²  

(mean ± SD) 

0.88 0.86 ± 0.1 0.91 ± 0.3 0.86 0.92 ± 0.05 0.95 ± 0.01 

Residual 

Standard 

Error (mg/l)  

(mean ± SD) 

10.65 9.37 ± 1.63 11.66 ± 1.84 11.45 7.19 ± 1.43 8.27 ± 1.45 
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Overall, for all parameters the PLSR model with stratified sampling showed higher 

coefficient of determination, 0.84 for nitrate, 0.91 for DOC and 0.95 for TSS with relatively 

smaller RMSE.  

Spectrophotometer manufacturers suggest use of these sensors for measurement of 

Nitrate, DOC, TOC and TSS, however some studies were able to detect other pollutants (e.g., 

Etheridge at al., 2015; Birgand et al., 2016; Lin, 2017). Therefore, same method of PLSR 

calibration was used with the collected samples on pollutants of Ammonium (NH4
+), Total 

Dissolved Nitrogen (TDN) and Orthophosphate (PO4
3ī). The Nitrate selection of laboratory 

sample used for calibration of these constituents. PLSR Calibration results are presented in Table 

1.9. Based on these results PLSR did not provide a good fit to correlate concentration of 

Ammonia, TDN and orthophosphate with absorbance spectra. These constituents were not 

identified to absorb light, however other studies were able to estimate those through spectral data 

potentially due to co-variability of the color of water with the pollutants (Etheridge et al., 2015). 

Table 1.9 PLS regression parameters for NH4+, TDN and PO43ī calibration  

  NH4
+ -PLSR TDN-PLSR PO4

3ī-PLSR 

No. of samples  147 147 147 

Regression Adjusted R2 0.5722 0.6021 0.6435 

Residual Standard Error (RMSE) 0.7384 1.035 0.399 

 

 Calibration uncertainties 

Uncertainties associated with different calibration methods were evaluated based on 

annual loads as well as event loads. The regression parameters suggested the PLSR model with 

stratified sampling as the best fit model that yielded higher R2 and relatively lower RMSE 

values. The performance of different calibration methods was evaluated through distribution of 

load estimates. 
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 Annual loads 

 

General observations of annual load estimates for different pollutants were: (1) 

uncalibrated concentrations obtained directly from the instrument resulted in the highest annual 

load estimates, (2) SLR calibrations resulted in higher annual load estimates than PLSR 

calibrations, (3) PLSR calibrations resulted in larger variance of load estimates, (4) calibration 

with stratified sample pool resulted in a higher load estimates than the unstratified sample of the 

same model, and (5) calibration with stratified sample pool resulted in smaller variance of load 

estimates than unstratified sample pool for both SLR and PLSR models. 

Nitrate loads 

Without calibration, the annual nitrate loads were estimated up to 32% and 22% greater 

than the ones estimated by PLSR and SLR, respectively, using stratified pools of samples. This 

highlights the need for calibration. SLR calibration, used a linear regression to adjust the 

uncalibrated instrument concentrations to the local sample concentrations. PLSR calibrations, 

used the absorbance values and found the best fit for the workable sample concentrations. The 

results were thus independent of the concentration values given by the instrument.  

Because of the overrepresentation of lower concentrations among the workable sample 

pool, the unstratified calibration sample pool tended to have more samples in the lower 

concentration range than in the higher. The results were that for both SLR and PLSR, the mean 

load for unstratified pools were lower than those for the stratified pools (Table 1.10). 

Additionally, because without defining bins, unstratified pools had higher sampling possibilities 

and variations, the 90% confidence interval for unstratified pools was higher than that for 

stratified pools (Table 1.10). This suggests, and following Rieger et al. (2006) suggestions, that 
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assembling pools of stratified concentration values is preferable. Discussion herein focuses on 

results from the stratified pools. 

Table 1.10 Annual nitrate load estimates using different calibration methods 

Regression 
NO3

ī- 

Global 
NO3

ī-SLR NO3
ī-PLSR 

Sample type   Reference Unstratified Stratified Reference Unstratified Stratified 

Mean load 

(kg/ha/yr) 
0.835 0.649 0.648 0.680 0.580 0.573 0.626 

Relative to 

reference load 

(%) 

    -0.2% 4.8%   -1.2% 7.9% 

Median load 

(kg/ha/yr) 
    0.647 0.680   0.575 0.628 

90% Confidence 

Interval 

(kg/ha/yr) 

    
0.605 to 

0.687 

0.66 to 

0.698 
  

0.473 to 

0.676 

0.553 to 

0.687 

90% CI 

compared to 

median 

    
-6.5% to 

+6.2% 

-2.9% to 

+2.6% 
  

-17.7% to 

+17.6% 

-11.9% 

to +9.4% 

Standard 

Deviation 

(kg/ha/yr) 

    0.038 0.012   0.063 0.041 
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SLR-Unstratified sample 

 
SLR-Stratified sample 

 
PLSR-Unstratified sample 

 
PLSR-Stratified sample 

Figure 1.8 Distribution of nitrate annual load estimates and its 90% CI (between the vertical 

dotted lines) through 200 simulations 

Regression indicators of both SLR and PLSR suggest better performance of PLSR versus 

SLR. The mean load estimated from stratified calibration samples with SLR was 8% greater than 

PLSR. Moreover, the uncertainty range for SLR (-2.9% to +2.6% of the mean load) was much 

smaller than that of PLSR (-11.9% to +9.4% of the mean load). This suggests that the regressions 

developed for PLSR were quite sensitive to the sample pools from which they were derived, a lot 

more so than those derived from SLR. The apparently better performance of PLSR vs. SLR 

(using the regression indicators as evidence), may thus have been somewhat misleading. The 

observed uncertainty range for PLSR was much higher than what has been reported for a coastal 

plain stream (± 3%; Lin, 2017) where nitrate concentrations were about 10 times higher. 

However, the uncertainty range for SLR was within that reported.  



   

28 

 

Regressions robustness depends in part on the number of samples used in the regression 

and on their stratification (Rieger et al., 2006).  The global calibration (although the method for 

its derivation is proprietary and unknown) embedded in the instrument has been derived from 

thousands of samples, giving its robustness. As SLR essentially adjusted using linear regression 

the global calibration to local conditions, it was expected that it be more robust than regressions 

derived from less than 50 samples like PLSR in our case. Therefore, it is not surprising that the 

uncertainty range for PLSR was larger than that for SLR.  

In the end, it is not clear which of SLR or PLSR should be chosen. One could argue that 

the óreferenceô PLS regression using all 147 samples available would be a lot more robust and 

should be preferably used because it performs a true local calibration between absorbance and 

concentrations. However, low concentration values were over-represented (Figure 1.6), and 

therefore calculated load tended to be underestimated, equaling the mean of loads calculated 

from unstratified pools, compared to loads calculated from stratified pools. Because stratification 

definitely is a better method for regression, methods that used stratified pools are preferred, but 

the choice between SLR or PLSR is not obvious, which admittedly is problematic, especially 

since the mean of the loads differed by about 8%. 

DOC loads 

The analysis performed on DOC similarly showed that annual loads calculated from the 

DOC concentrations given by the instrument were largely overestimated (~36%) compared to 

loads calculated from calibrated concentrations. The analysis also showed that annual loads 

calculated from unstratified pools or using all workable samples tended to be underestimated by 

4 to 5% compared to those calculated from stratified pools (Table 1.11), regardless of the 

regression type. Similar to nitrate, the workable pool of DOC concentrations was skewed 
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towards lower concentrations, yielding the same bias results compared to stratified pools. 

Unstratified pools also yielded a lot less accurate estimates of annual loads (-10.6% to +8.8% of 

the median for PLSR, and -5.5% to +4.8% of the median for SLR) compared to those using 

stratified pools (-6.1% to +4.9% of the median for PLSR, and -2.6% to +2.6% of the median for 

SLR).  

The mean annual loads using stratified pools differed only by about 2% between SLR and 

PLSR. The much better agreement between the two methods probably results from the fact that 

the DOC concentration values used for regressions were much higher (1 to 20 mg C/L vs. 0.1 to 

0.6 mg N/L) with a twenty-fold difference between low and high values (vs. 6-fold difference for 

nitrate). Because the annual load values were much higher, the percentage difference was 

calculated to be lower.  

 

Table 1.11 Annual DOC load estimates using different calibration methods 

Regression 
DOC-

Global 
DOC-SLR DOC-PLSR 

Sample type  Reference Unstratified Stratified Reference Unstratified Stratified 

Mean load 

(kg/ha/yr) 
26.52 18.7 18.67 19.45 18.20 17.91 19.28 

Relative to 

reference load 

(%) 

  -0.2% 4%  -1.6% 4.6% 

Median load 

(kg/ha/yr) 
  18.75 19.48  18 19.33 

90% Confidence 

Interval 

(kg/ha/yr) 

  17.55 to 

19.64 

18.83 to 

19.98 
 16.21 to 

19.43 

18.11 to 

20.42 

90% CI 

compared to 

median 

  -6.4% to 

+4.7% 

-3.3% to 

+2.6% 
 -9.9% to 

+7.9% 

-4.9% to 

+7.2% 

Standard 

Deviation 

(kg/ha/yr) 

  0.636 0.324  1.053 0.66 

 

 

 



   

30 

 

 
SLR-Unstratified sample 

 
SLR-Stratified sample 

 
PLSR-Unstratified sample 

 
PLSR-Stratified sample 

Figure 1.9 Distribution of DOC annual load estimates and its 90% CI (between the vertical 

dotted lines) through 200 simulations 

 

 

Table 1.12 Annual TSS load estimates using different calibration methods 

Regression 
TSS-

Global 
TSS-SLR (polynomial) TSS-PLSR 

Sample type   Reference Unstratified Stratified Reference Unstratified Stratified 

Mean load 

(kg/ha/yr) 
56.65 49.77 51.77 53.81 48.98 46.52 50.82 

Relative to 

reference load 

(%) 

    4% 8.1%   -5% 3.8% 

Median load 

(kg/ha/yr) 
    51.28 53.39   46.36 50.61 

90% Confidence 

Interval 

(kg/ha/yr) 

    
44.93 to 

59.54 

50.25 to 

58.51 
  

34.42 to 

57.36 

43.37 to 

58.48 

90% CI 

compared to 

median 

    
-12.4% to 

+16.1% 

-5.9% to 

+9.6% 
  

-25.8% to 

+23.7% 

-14.3% 

to 

+15.6% 

Standard 

Deviation 

(kg/ha/yr) 

    4.77 2.55   6.79 4.92 
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SLRpoly-Unstratified sample 

 
SLRpoly-Stratified sample 

 
PLSR-Unstratified sample 

 
PLSR-Stratified sample 

Figure 1.10 Distribution of TSS annual load estimates and its 90% CI (between the vertical 

dotted lines) through 200 simulations 

Based on the regression parameters (Table 1.8) the SLR model presented better fits than 

PLSR. SLR model using stratified sampling had a good coefficient of determination at 0.91 ± 0.3 

and RMSE of 11.46. PLSR model using stratified sampling presented slightly better regression 

parameters with R2 = 0.95 ± 0.1 and RMSE of 8.31 mg/l, but at the cost of load estimation 

uncertainties greater than ±10%. It is difficult to definitely choose one method over the other. 

 Event loads 

To derive uncertainties at the event scale, a total of 29 events comprising 90% of total 

cumulative runoff were selected. The runoff depth for these events ranged in 1.15-27.6 mm. 

Using PLSR and SLR models and random stratified sampling, event loads were estimated for 

these events using 200 simulations. The results of these simulations are presented in Figure 1.11 
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as mean event load and 90% confidence interval range as well as 90% confidence interval range 

presented as percentage of the mean load. 
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Figure 1.11 Event load estimates and associated 90% confidence interval for nitrate, 

DOC and TSS 
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Nitrate-SLR load estimates with 90%CI 

 
Nitrate-PLSR load estimates with 90%CI 

 
Nitrate-SLR 90%CI as percentage of mean 

 
Nitrate-PLSR 90%CI as percentage of mean 

 
DOC-SLR load estimates with 90%CI 

 
DOC-PLSR load estimates with 90%CI 

 
DOC-SLR 90%CI as percentage of mean 

 
DOC-PLSR 90%CI as percentage of mean 
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TSS-SLR load estimates with 90%CI 

 
TSS-PLSR load estimates with 90%CI 

 
TSS-SLR 90%CI as percentage of mean 

 
TSS-PLSR 90%CI as percentage of mean 
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Using PLSR with stratified sampling, event loads were estimated for (1) nitrate within 

±10% uncertainty among 52% of events and ±20% uncertainty among 83% of events, (2) DOC 

within ±10% uncertainty among 62% of events and ±20% uncertainty among 86% of events, (3) 

TSS within ±10% uncertainty among 10% of events and ±20% uncertainty among 41% of 

events. Using SLR model with stratified sampling, event loads were estimated with a much 

better variance, within ±10% uncertainty among 96% of events for nitrate, within ±10% 

uncertainty among 90% of events for DOC and within ±10% uncertainty among 59% of events 

and ±20% uncertainty among 86% of events for TSS.  

Generally, the uncertainty associated with measurement of smaller values were higher. 

This was observed in loads estimated by SLR model (Figure 1.11). However, the load estimates 

using PLSR model shows a variation of uncertainty among event loads for all pollutants. This 

can be explained by the sensitivity of PLSR model to selection of calibration samples. The 

sample selection for a given calibration represents a certain range of concentration that may not 

necessarily cover the concentration range observed for an event. In such cases the calibration 

may result in a higher uncertainty for load estimates. Figure 1.12 illustrates the nitrate 

chemograph for an event with concentrations estimated with spectrophotometerôs global 

calibration as well as SLR and PLSR models. The SLR model adjusts the results of global 

calibration concentrations with local sample concentrations. Therefore, the curves resulting from 

these two methods are similar. The PLSR model solely uses local sample concentrations to 

calibrate the spectrophotometerôs absorbance values and as a result the calibration is more 

sensitive to the stratum of local samples used for calibration. In an example calibration showed 

in Figure 1.12 compared to global calibration results, the SLR model reduces the concentrations 

at peak values an aligns with global calibration results at lower values, while the PLSR model 
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estimates lower concentrations than both at peak values, it estimates higher values than both at 

the initial lower concentrations.  

  

Figure 1.12 Example of hydro- and chemograph for nitrate estimated by global calibration, SLR, 

and PLSR models (stratified sampling for models)- event occurred on 08/18/2018 

The uncertainty associated with event load estimates are higher than uncertainties 

associated with annual load estimates. Given the explained sensitivity of PLSR model to 

calibration samples, a single model may overestimate an event and underestimate another. 

Therefore, these values would compensate for each other on an annual calculation of loads. To 

ensure the best calibration on an event basis, authors suggest collection of few discrete samples 

per event and evaluation of calibration results with the laboratory tested concentrations.  
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 Outlet 

Table 1.13 shows the results of laboratory analysis of outlet samples. Figure 1.13 

compares the laboratory nitrate concentrations and spectrometerôs reported concentrations using 

global calibration. A similar weak correlation was observed for all pollutants.  

Revisiting the monitoring installation, the alignment of local samples and 

spectrophotometer samples was challenging. The sampling set up for this station faced limitation 

for proper sampling and maintenance access. The autosampler intake was placed at the ponded 

end of the culvert to obtain proper flow measurements while the spectrophotometer was placed at 

the other end, 10 meters apart to allow access for frequent maintenance. Additionally, the culvert 

lead to an open land, which had created a ponding area. Despite the placement of a weir at the 

end of the culvert, there was occasional backflow from the ponding area that could interfere with 

the spectrophotometer measurements as well. 

Using the average velocity for each storm event and the distance of the two sensors, the 

time difference of readings was calculated and used for proper alignment. However, this 

alignment only slightly improved the correlation of samples. 

Without properly aligned samples for calibration of spectrometer, the best fit SLR model 

from inlet station was used for calibration of outlet data. In the case of TSS the global calibration 

results were deemed as the best fit. The resulted loads at outlet station are presented in Table 

1.14. 

 



   

39 

 

Table 1.13 Laboratory analysis results-outlet station 

  NO3
ī DOC TSS NH4

+ TDN PO4
3ī 

No. of samples 102 102 101 102 102 102 

Mean 0.2496 11.076 25.26 0.347 1.753 0.056 

standard deviation 0.187 4.203 51.013 0.479 0.969 0.113 

Minimum 0.01 4.57 0 0 0.29 0 

Maximum 0.71 20.58 391.67 2.66 4.65 0.93 

 

 
Figure 1.13 NO3ī laboratory values and spectrophotometer measurements (using ñglobal 

calibrationò) 

 

Table 1.14 Annual load estimates at outlet 

Regression NO3
ī- PAR 

NO3
ī-SLR 

Stratified 
DOC-PAR 

DOC-SLR 

stratified 
TSS-PAR 

TSS-SLRpoly 

stratified 
Total load 

(kg/ha/yr) 
0.150 0.144 20.612 14.312 46.531 136.505 

 

 

Figure 1.14 shows an example of spectrophotometer turbidity measurements, analyzed 

TSS samples as well as inflow and outflow. Based on this graph the turbidity measurements were 

affected by precipitation, outflow from the system as well as the turbulence following an 

outflow.  
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Figure 1.14 TSS laboratory values and spectrophotometer measurements (using ñglobal 

calibrationò) showing large discrepancies between sensor and lab data, attributed to the lack of 

synchronization between the two. 

1.4 Discussion 

The extreme flashiness of flow and concentrations in stormwater settings, have rendered 

the description of concentration dynamics difficult using the traditional automated sampling 

method. In situ sensors theoretically present a unique opportunity to access concentration 

dynamics over long periods and possibly unveil new knowledge in stormwater research and 

application. In situ sensors have been widely used in stormwater associated with Wastewater 

Treatment Plant and sewage flow (e.g., Torres and Bertrand-Krajewski, 2008; Lepot et al., 

2016). To our knowledge, this is the first time the evaluation of in situ sensors in non-sewage 

stormwater flow is reported. 

This article suggests that the estimation of concentrations from light absorbance 

measurements is not particularly simple and that sizable uncertainties may result in the 

computation of loads. For the 9.2 ha watershed studied, robust calibrations could only be 

obtained for nitrate, DOC, and TSS, which correspond to the parameters advertised as 

measurable by the instrument.  
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In other settings, more parameters have been measured using local calibration based on 

PLSR (e.g., Etheridge et al., 2014; Frazar et al., 2019; Cizek et al., 2019). In these cases, the 

ability to measure other parameters with good accuracy was attributed to the stable relationship 

between the color matrix of the water and the concentrations. In all these cases, there always was 

baseflow, and the processes generating stormflow were thought to be repeatable enough that the 

color matrix of the water would covary with concentrations. PLSR was thought to be able to 

characterize this co-variability. In the case of stormwater in this watershed, there was no 

baseflow and the processes generating flow could vary radically from a low to high intensity 

rainfall event, rendering a stability of the relationship between the color-matrix and 

concentration possibly more random. For parameters not known to absorb light such as 

ammonium, TDN or phosphate, no robust regressions could be established with PLSR, evidence 

of a poor stability of the relationship between the color-matrix and concentrations.  

For nitrate, DOC, and TSS, which absorb light at known wavelength ranges, acceptable 

correlations were found in our case. However, the PLSR method widely used as the preferred 

method to evaluate concentrations from absorbance values appeared to yield relatively large 

uncertainty ranges for nitrate and TSS, for annual and event loads. For reference, Lin (2017) 

found that PLSR would yield uncertainty on annual loads within ±3% for nitrate, ±5% for DOC 

and TSS.  For event loads, errors within ±5% may be obtained using FPCS (See Chapter 2).  

Values reported in this article appear to be much larger than these references for nitrate 

and TSS. Overall, calibration with PLSR model and stratified samples resulted in annual load 

estimations with accuracy of -11.9% to +9.4% of the median load for nitrate, -6.1% to +5.9% for 

DOC, and -14.3% to +15.6% for TSS. Load estimation using PLSR calibration on an event basis 

showed higher uncertainties for some events. Overall, loads were estimated within ±10% for 



   

42 

 

52% (nitrate) and 62% (DOC) of events, and, within ±20% for 83% (nitrate) and 86% (DOC) of 

events. SLR model for load estimates presented lower uncertainty ranges, within ±10% of the 

median load among 96% (nitrate), 90% (DOC) and 59% (TSS) of events. 

PLSR appears to have been very sensitive to the samples used for calibration. For nitrate, 

all concentrations were below 0.6 mg/L, leaving a relatively small calibration range, yielding 

relatively large differences between calibrations. This, added to a probably relatively weak 

stability of the color matrix/concentration relationship, may explain the relatively large 

uncertainties using PLSR at the annual and event scales. At the event scale, extremely large 

uncertainties were observed for TSS from PLSR-derived loads, showing again the high 

sensitivity of PLSR to the calibration pool. The results for PLSR predicted DOC loads at the 

event and annual scale showed lower uncertainties closer to the references listed above. There is 

little reason to believe that the color matrix/concentration relationship would be a lot stronger 

and more stable for DOC than it was for nitrate and TSS. However, the DOC concentration 

values and ranges were a lot higher and better stratified than those of nitrate and TSS, which 

resulted in much lower uncertainties in DOC loads.  

However, uncertainties reported with PLSR were calculated using regressions made 

óblindlyô. In other words, having one to three lab samples per event and comparing the predicted 

chemograph to lab samples would lead the user to automatically rule out some of the predicted 

chemographs, and would probably generate much lower uncertainties. This suggests, however 

that not one regression model, but a suite of regression models should be systematically run to 

eliminate bad chemographs. 

In our setting, the SLR method seemed to be a lot more robust than the PLSR method, 

yielding lower uncertainties. This is opposite to what Lin (2017) found. This may suggest that in 



   

43 

 

a setting where there may be no theoretical reason for a stable color matrix/concentration 

relationship like in suburban stormwater flow, it might be preferable to rely on a local correction 

of the embedded óglobal calibrationô, the latter having been derived from hundreds of samples 

and therefore being more robust.  

Despite the limitations listed above, the major advantage of having in situ sensors for 

stormwater water quality monitoring is that the proportion of events captured compared to 

traditional auto-sampler based monitoring is much greater. In our case 62% of all the rainfall 

events comprising 95% of recorded volume were monitored.  Additionally, the relative errors at 

the event scale for instance, although significant, still provided concentration dynamics that no 

other method would generate. 

1.5 Conclusions 

Use of spectrophotometer sensors in stormwater settings allows for collection of water 

quality samples at high frequency and eliminates the capacity limitation of traditional automated 

sampling. Using this method, water quality was monitored for 62% of events, comprising 95% of 

total recorder precipitation volume. Water quality was monitored at 4-minute frequency which 

brought further insight into pollutant dynamics and sampling uncertainties (Chapter 2).  

To obtain best monitoring results, proper collection of local samples and maintenance of 

in situ spectrophotometers is critical. Obtaining good calibration results and water quality data 

was critically dependent on (1) monitoring set up, (2) sample time alignment, (3) capturing high 

concentration samples and (4) meticulous maintenance of spectrophotometer optics.  

Considering the flashy behavior of stormwater, the monitoring equipment should be set 

up to sample at the same time and location. To ensure time alignment of the samples, the 

instrument clocks should always align, and any delay should be accounted for such as time to 
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pump based on the length of suction line or cleaning time before measurement. The location of 

spectrophotometer sensors and intake of autosampler should be placed side by side. For Proper 

calibration, it is important to capture and use samples with a large and homogenous 

concentration range. Extrapolating beyond the concentration range of collected samples is 

statistically incorrect and could potentially yield unreliable results. Within a given monitoring 

time, high concentration of pollutants occurs in fewer storm events. Therefore, obtaining discrete 

samples from those events might require extra effort and change in pacing of autosampler. 

Fouling can occur due to metal precipitation and formation of biofilms (Etheridge et al., 2013), 

therefore, regular maintenance of the optics is necessary to ensure proper measurements. 

PLSR and SLR methods were used for calibrating the instruments. The built-in ñglobal 

calibrationò of the spectrophotometer sensors calibrated with SLR model have proven to provide 

a good estimate for pollutant parameters (R2 > 0.74). Local calibration of spectra improved the 

calibration using SLR model (R2 > 0.75) and PLSR (R2 > 0.83). For both SLR and PLSR 

models, use of stratified sampling improved the regressionôs coefficient of determination and 

lowered the RMSE. Using PLSR method, the absorbance spectra were successfully calibrated for 

measurement of NO3
ī, DOC and TSS as suggested by manufacturer, however, PLSR method 

could not calibrate for further parameters (NH4+, TDN, PO4
3ī).   

Uncertainty associated with this method was evaluated by comparing cumulative load 

estimates on annual and event basis. Overall, calibration with PLSR model and stratified samples 

resulted in annual load estimations with relatively high accuracy of -11.9% to +9.4% for nitrate, -

6.1% to +5.9% for DOC, and -14.3% to +15.6% for TSS. Load estimation on an event basis 

showed higher uncertainties for some events. Overall, loads were estimated within ±10% for 

52% (nitrate) and 62% (DOC) of events, and, within ±20% for 83% (nitrate) and 86% (DOC) of 
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events. SLR model for load estimates presented lower uncertainty ranges, within ±10% of the 

median load among 96% (nitrate), 90% (DOC) and 59% (TSS) of events. 

The higher range of uncertainty on an event basis was due to the apparent higher 

sensitivity of PLSR models to calibration samples. This was due to high rates of concentration 

change and lower pollutant concentration range in stormwater versus perennial streams. This 

sensitivity might present as a higher uncertainty on some event loads, but on the annual basis 

cumulation of events can compensate for this event basis uncertainty. Inclusion of at least one 

sample per event for calibration purposes might help in reducing this uncertainty.  

Based on the results, the best calibration method could not be clearly selected. The PLSR 

model offered higher coefficient of determination, but, higher RMSE values and higher 

variability on annual load estimates and higher uncertainty on event load estimates. When using 

spectrophotometer sensors for stormwater monitoring, the instrumentôs global calibration and 

local SLR calibration might offer more robust results. However, selection of the proper PLSR 

model can reduce uncertainty associated within the models. Such selection should be made by 

comparing the calibration results with laboratory tested samples for each event. 
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CHAPTER 2: UNCERTAINTY ANALYSIS FOR STORMWATER FLOW -

INTERVAL COMPOSITE SAMPLING  

Abstract 

Flow-interval composite sampling is a popular sampling method in stormwater 

monitoring. Several studies have previously evaluated this sampling method and revealed 

valuable information. However, none of them used measured and independent reference 

pollutant loads/concentrations from continuous hydro- and chemographs for their evaluation. In 

this study, minute scale discharge and water quality monitored using an in situ 

spectrophotometer, served as reference data. The latter were numerically subsampled to simulate 

and evaluate the sources and magnitude of uncertainty associated with flow-interval composite 

sampling. The reference data showed that during events, the majority of TSS was transported 

within the first 40% of event flow volume, while the majority of nitrate and DOC loads occurred 

in the last 60-100% of event flow volume. The identified sources of uncertainty included (1) the 

sampling start threshold, (2) the number of samples per event, and (3) the percentage of event 

sampled. Our results suggest that very high percentages, i.e., at least 85% (for nitrate and DOC), 

to 95% (for TSS) of an event should have been sampled to limit systematic bias, respectively 

under- and overestimating event loads. This is a lot more than the previously accepted 60%.  Our 

results also show that the first sample due to be pumped and mixed within the composite bottle 

can induce very large (>50%) error in the final Event Mean Concentration (EMC) or event load. 

We recommend to program automatic samplers not to take the first sample. Finally, ±5% error 

on event load or EMC could be obtained using proper sampling interval, if at a minimum the 

composite bottle would be 25% full for nitrate and DOC, and about 30% full for TSS. This study 
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provides revised guidelines to design flow-interval composite sampling for stormwater and/or to 

assess the level of uncertainty researchers might encounter and report.  

 

2.1 Introduction  

Runoff from urban land use has intensified characteristics such as increased volume, peak 

flow and pollutant loads (Leopold 1973, Line et al. 2002, Walsh, et al. 2005). Stormwater control 

measures (SCMs) are designed to mitigate these extreme hydrologic and water quality 

characteristics. Assessment of their mitigation impact is an important tool for (1) regulatory 

evaluation of discharged pollutants from a site, (2) identifying and managing potential sources of 

pollutants, (3) monitoring the SCM performances, and (4) for improvement of SCM design. 

Proper assessment of SCM impact, requires accurate measurement of hydrology and water 

quality passing through. However, obtaining accurate water quality measurements are 

particularly difficult due to the fluctuating and flashy nature of stormwater flow and pollutant 

concentrations, as well as limitations of current monitoring methods in obtaining high resolution 

data. To obtain reliable pollutant removal percentages, the uncertainty of water quality 

measurements must account for no more than a fraction of the removal calculated. 

Several studies have evaluated different sampling types (discrete/composite), techniques 

(manual/automatic), and intervals (flow/time) to measure their accuracy, precision, and 

configurations to achieve optimal pollutant concentration and load estimates (King & Harmel, 

1998; Stone et al., 2000; Leecaster et al., 2001; Harmel & King, 2003; Maestre & Pitt, 2006; Lee 

et al., 2007; Ma et al., 2009; Ackerman et al., 2010; Harmel et al., 2010; McCarthy et al., 2018). 

Among different sampling methods, flow-interval composite sampling is most popular, and has 

been assessed to yield most accurate results amongst most other methods tested (Leecaster et al. 

2001; Lee et al. 2007). While discrete sampling reveals information on pollutant dynamics with a 
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good accuracy, the cost associated with it prevents its popularity (Harmel & King, 2005). Flow-

interval composite sampling offers a balance between accuracy and sampling costs (Ackerman et 

al., 2010), and allows for longer sampling duration (US EPA, 1992). However, this sampling 

method does not provide information on pollutant dynamics. Figure 2.1 represents flow-interval 

sampling where samples are collected at constant volume interval, calculated by flow 

measurement, these samples are all collected in one sampling jar and composited.  

 

Figure 2.1 Graphical representation of flow-interval sampling collected at constant flow volume 

intervals and composited in one sampling jar. Each cross represents sampling instances along the 

cumulative flow volume curve (green curve) and also the timing of the sampling along the 

hydrograph (blue curve) 

Despite the popularity of flow-interval composite sampling compared to other sampling 

methods, this method has been shown to sometimes overestimate loads (e.g., Stone et al., 2000; 

Ackerman et al., 2010). Nonetheless, sampling guidelines (i.e. US EPA, 1992; Burton & Pitt, 

2001; Strecker et al., 2001; US EPA, 2002) and best practices have been established using this 

flow-interval composite sampling (i.e. King & Harmel, 1998; Leecaster et al., 2001; Harmel & 

King, 2003; Maestre & Pitt, 2006; Lee et al., 2007; Ackerman et al., 2010). These have identified 

the main sources of uncertainty, which include (1) the duration of event sampled, (2) the number 

of samples, and (3) the sampling start threshold.  
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(a) Duration of event sampled 

 
(b) Number of samples 

 
(c) Sampling start threshold with/without first sample in composite bottle 

Figure 2.2 Illustration of the common sources of uncertainties in flow-interval sampling 

strategies to evaluate EMC and loads in stormwater. a) the bottle is full much before the end of 

the event because the flow volume interval is too small; b) too large a flow volume interval may 

lead to too few samples in the composite bottle; c) event is well sampled and composite bottle 

contains the first sample 
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 Duration of event sampled 

Guidelines suggest sampling of the entire duration of storm (US EPA, 1992; Maestre & 

Pitt, 2006; Figure 2.1; Figure 2.2). However, in practice, sampling the entire storm duration 

might not always be attainable. It is commonly recommended to, at a minimum, emphasize 

sampling before and during peak flow or at least over 60% of the duration of the event flow 

(Strecker et al., 2001), when sampling the entire duration of event is not possible. This approach 

assumes that the majority of pollutants is transported during the first part of a storm event. 

However, this assumption may not apply to all types and sizes of watersheds, nor for all 

pollutants (Deletic, 1998). Therefore, there is a need to further evaluate the relationship between 

duration of event sampled and the accuracy of load estimates as it can affect the error in 

concentration estimates (Ackerman et al., 2010).  

 Number of samples 

Too few samples may yield inaccurate load estimates (Maestre & Pitt, 2006) and 

increasing the number of samples has been shown to reduce the sampling error (Leecaster et al. 

2001; Haan, 2002; Figure 2.2). Stormwater sampling guidelines offer graphs to select number of 

samples, which are based on statistical formulas that calculates this number based on error range, 

variance of measurement, degree of confidence, and statistical power (Burton & Pitt, 2001 

(page231); US EPA, 2002 (page 70, Appendix B)). Based on these guidelines, to derive 

statistically reasonable conclusions within 20% error, coefficient of variation of 0.5, 95% 

confidence, and 80% power, approximately 30 samples should be collected (Burton and Pitt, 

2001). Empirical studies show collection of 12-16 composite samples can result in event mean 

concentration (EMC) estimates within 10-20% error (Strecker, et al., 2001).  
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 Sampling start threshold 

The first part of a storm often washes the accumulated pollutants from urban surfaces, 

and may contain higher pollutant concentrations than the rest of a storm event (McCarthy et al., 

2018; Hvitved-Jacobsen et al., 2010; Pitt et al., 2004; Figure 2.2). Although sampling should 

start early within an event (Maestre & Pitt, 2006), collection of samples very early during inflow 

may lead to overestimation of EMC (Maestre & Pitt, 2006; Lee et al. 2007) as samples may be 

more reflective of the first flush rather than the entire event (Deletic, 1998; Khan et al., 2006; 

Lee et al. 2007). First flush is defined as the higher pollutant load in the initial part of runoff (Pitt 

et al., 2004). Khan et al. (2006) have shown that sampling from the first flush may result in a 

bias towards overestimation of EMC. Lee et al. (2007) have shown that sampling the middle of 

an event would include a more representative sample and sampling early in the event would be 

biased towards the concentration peak often leading to overestimation.  

There is no reason to a priori doubt these guidelines. However, none of them have been 

established from measured continuous hydro- and chemographs. Studies that have evaluated 

uncertainties from flow-interval sampling have compared the EMC of different sampling 

methods with a best estimate of the reference EMC. The reference EMC were often calculated by 

collecting further samples, which is subject to the mentioned sampling limitations (Leecaster, et 

al. 2001; Harmel & King, 2005; Harmel et al., 2010; McCarthy et al., 2018), or were calculated 

from models simulating chemographs (King & Harmel 2004; Ma et al., 2009; Ackerman et al. 

2010). While these studies have revealed valuable information, lack of access to measured and 

independent reference loads from continuous hydro- and chemographs is a shortcoming of the 

previously reported work.  
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Stormwater is notoriously flashy with flow and concentrations sometimes varying by 

orders of magnitude within minutes. In situ spectrophotometers offer the possibility to collect 

concentration data at a frequency compatible with minute-scale changes at an affordable cost of 

laboratory testing (Torres & Bertrand-Krajewski, 2008; Etheridge et al., 2013; Liu et al., 2016; 

Halliday et al., 2016; Birgand et al., 2016; Maxwell et al. 2019; Chapter 1). Eliminating the 

capacity shortage and the loss of information on water quality dynamics associated with 

automated sampling, there theoretically are, with in situ spectrophotometers, much fewer limits 

on capturing the entirety of an event and on sampling multiple events. Using such sensors thus 

eliminates the uncertainty associated with low frequency sampling (Birgand et al., 2010).  

However, these sensors carry uncertainties of their own and only measure a limited 

number of parameters, yet.  In particular, because their calibration depends on the sample 

calibration pool (details in chapter 1), the actual chemograph lies among a suite of computed 

chemographs. Therefore, the actual reference chemograph is not known, but the results presented 

in chapter 1 suggest that the concentration values and dynamics computed are likely very close 

to actual ones. As such, a chemograph computed with the optimum conditions defined in chapter 

1 may serve as an acceptable surrogate for a reference chemograph.   

In this study the sources and magnitude of uncertainty associated with flow-interval 

composite sampling were evaluated using near-continuous flow and water quality, called 

reference data herein, collected using an in situ spectrophotometer. The objectives were to: 

1- Explore pollutant dynamics in stormwater through high resolution chemographs and 

identify the most polluted part of inflow. 

2- Evaluate the error range associated with different sources of uncertainty, i.e., duration 

of event sampled, number of samples, and sampling start threshold.  
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3- Offer guidelines to minimize the uncertainty associated with the identified three main 

sources. 

2.2 Methods 

 Site description 

Inlet of a stormwater wetland located on the campus of North Carolina State University 

was selected for this study.  

This wetland was within a watershed of 9.12 ha with 30% impervious surfaces and a ratio 

wetland surface area/drainage area of 1.39% (Figure 2.3). The watershed consisted of wooded 

area (~86%), roads (~2%), and roof surfaces (~12%).  

 

 

 
Figure 2.3 Watershed delineation (dashed yellow line), portion of the watershed draining to inlet 

station (red line), and area for the stormwater wetland in research (highlighted in green) 

 

 Reference data acquisition 

Reference data were acquired over 20 months between December 2017 and August 2019.  
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 Flow reference data 

Flow rates and cumulative volume were calculated using 2-minute stage data measured 

using a Teledyne ISCO® Bubbler Module installed upstream a 90-degree weir, itself installed 

inside a 120-cm diameter corrugated pipe upstream the wetland. The flow measurement module 

is traditionally used to continuously compute flow rates and cumulative flow volumes, used for 

flow-proportional composite sampling.  After a given flow-interval has been reached, this system 

sends a signal to the automatic sampler to draw a water sample, then added in one composite jug 

where all samples are mixed (Figure 2.1). In this study, the same system was used to draw flow-

interval samples, not to obtain flow-proportional composite samples, but to obtain discrete 

samples (i.e., one sample per bottle for a maximum of 24 samples/bottles per event) later used 

for calibration of the spectrophotometer (details below and in Chapter 1).  

 Water Quality Monitoring  and Sampling 

Water quality was measured using an in situ UV-Vis spectrophotometer, Spectro::lyserÊ 

produced by S::CAN® Messtechnik GmbH with an optical path length of 5mm. The 

spectrophotometer sensor was placed behind the weir such that it was submerged in the presence 

of flow and collected water quality data at 4-minute intervals. Monitored parameters included 

nitrate (NO3
ī), total suspended solids (TSS), and dissolved organic carbon (DOC). This probe 

measures light absorbance over the 200-730 nm range. Before each measurement, an automatic 

cleaning of the optics was performed using the Ruck::sackÊ scrapper system from the same 

manufacturer. Additionally, the spectrophotometer sensor was manually and frequently cleaned 

using dilute acid (HCl 2%) followed by deionized water and to ensure cleanness of lenses and 

minimize fouling (Ethridge, et al. 2014).  
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The S::CAN spectrophotometer collects absorbance and converts the data to 

concentration values using a built-in ñglobal calibrationò algorithm. However, the ñglobal 

calibrationò algorithm that comes with the instrument cannot accommodate all types of waters 

and the manufacturer recommends local calibration. The literature suggests that best results are 

obtained after chemometric calibrations between absorbance data and local concentration values 

(Langergraber et al., 2003; Rieger et al., 2006; Torres and Bertrand-Krajewski, 2008; Etheridge 

et al., 2013, Chapter 1). For local calibration of spectrophotometers, flow-interval discrete water 

quality samples were obtained using Teledyne ISCO® portable auto sampler model 6712 with 24 

bottle configurations as described above. It is best for calibration, to use a pool of samples 

covering and equally representing the entire range of observed concentrations (low and high 

values; Rieger et al., 2006). High concentrations tend to occur during high flows in stormwater 

(Soeur, et al. 1995; Brown, et al. 1995). Therefore, flow-interval sampling method was thought 

to be best to obtain samples of variable concentrations. Detailed description of data collection 

and calibration of the spectrophotometer is provided in Chapter 1. Results showed that the 

method provided a range of chemographs slightly differing from one another. In this study, it 

was assumed that the concentration dynamics were very similar among all predicted 

hydrographs, and that any of them could be used as óreferenceô dataset. In the end, the 

concentrations predicted by PLSR model using stratified samples served as reference 

chemographs for nitrate, DOC, and TSS. 

 Simulations of Flow-interval Composite Sampling 

The 4-minute absorbance-derived concentrations were first linearly interpolated to obtain 

and align with the 2-min flow data. The 2-min concentration and flow data then served as the 

reference and numerically sampled to simulate flow-interval composite sampling on a per storm 
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event basis. All numerical sampling simulations were performed using the R language (R core 

team, 2020).  

 Targeted Storm events 

An individual storm event was defined as a rainfall event that occurred following at least 

6 hours of dry weather. A total of 131 individual storm events were recorded generating from 1.2 

to 27.6 mm of runoff. Using the spectrophotometer sensor, water quality data was available for 

81 of these storm events. Among these, storm events were ranked based on their cumulative 

runoff volume, and in the end 29 events that accounted for a cumulative 90% of the total annual 

runoff volume were selected for sampling simulations and uncertainty analysis (Figure 2.4). 

 

 

Figure 2.4 Distribution of runoff depth for the 29 selected events 

 

 Sampling Volume Capacity  

In practice obtaining flow-interval composite samples requires a bottle to collect and 

composite samples. Therefore, for simulation purposes a 20-liter bottle was assumed as the 

maximum volume capacity, collecting samples of 200 mm aliquots. This assumption would 

allow for collecting a maximum of 100 samples per event, such that the results reported herein 

be directly translated into percentage values.  
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 Start Threshold to define the First Sample  

While the sampling interval defines the flow-volume interval between consecutive 

samples, the start threshold in flow-interval sampling corresponds to the threshold conditions set 

on autosamplers by the user to trigger the very first sample after the operator leaves the field 

prior to an event. It can be set to as a flow rate that is above zero, a given flow-volume, or 

another specified baseline. Selection of a proper start threshold has shown to directly affect 

measurement uncertainty and it is suggested to be set at a low value to ensure sampling of small 

events (Harmel et al., 2003). Figure 2.5 illustrates two variations of start thresholds for a given 

sampling flow-interval of 25 m3. While the flow-interval is the same, changing the start threshold 

would affect timing of the samples collected within the hydrograph (depicted as vertical lines), 

and therefore would likely affect the concentrations of the composite sample. By changing the 

start threshold, the first sample was always within the first passing of flow interval (i.e. the first 

27 m3 of the storm in Figure 2.5). 

 

 

  
  

Figure 2.5 Both figures illustrate sampling at 27 m3 flow interval, while the start threshold on the 

left figure is at 5 m3 and the start threshold on the right figure is at 15 m3 

 

To quantify its impact on load and EMC uncertainties, a range of start threshold values 

were simulated. For this, for each event, the start period was defined as the period between the 
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beginning of flow and the time the flow-interval volume was reached. Within this start period, 

and based on the available water quality data for each storm event, up to 200 starting times were 

randomly selected to correspond to the timing of the first sample. For events with less than 200 

available water quality data points within the start period, all available data points were used in 

the simulations.   

Because the first sample has been shown to sometimes play a disproportional role in the 

final flow-weighted concentrations (Maestre & Pitt, 2006; Khan et al., 2006; Lee et al. 2007; 

Bach et al., 2010), paired simulations were conducted by in- or excluding the first sample in the 

computed composite sample concentration for each simulation. 

 

 Sampling Interval 

Each of the storm events was numerically sampled for a range of flow-intervals. This 

range of intervals was reflective of the range of runoff volumes for the selected storm events and 

the capacity limitation of 100 samples, so that the entire event was sampled. Cumulative volume 

of the selected storms ranged from 105-2516 m3 of runoff (1.15-27.42 mm), based on this range 

flow-intervals of 1-30 m3 (0.01-0.33 mm) at 1m3 (0.01 mm) increment, were selected for 

simulations.     

For each sampling interval, up to 200 simulations were performed corresponding to the 

selection of start thresholds. This resulted in a total number of 64,060 simulations of flow-

proportional composite sampling, each resulting in one composite sample with an EMC value for 

nitrate, dissolved organic carbon and total suspended solids. 
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 Statistical analysis 

 Description of estimators 

Studies in stormwater often measure and evaluate water quality in terms of 

concentrations and mass loads (Strecker et al., 2001). Flow-interval composite sampling gives, at 

the event scale, an estimate of the flow-weighted concentration, usually referred to as the Event 

Mean Concentration (EMC). The pollutant or nutrient load during the event can then be 

calculated as the product of the EMC by the cumulative flow volume (Equation 2-1) as shown in 

Equation 2-2 (Strecker et al., 2001; Urbonas, 1994; Lee, et al., 2002).  

Equation 2-1 V = В
 

ᶻὸ  ὸ   
   

Where: 

V: event volume (L) 

Qi: Instantaneous flow (L/s) at time stamp ti  

n: total number of datapoints 

ὸ ὸ: time interval (s) 

 

 

Equation 2-2 ὒ Ὁὓὅ ὠ 

 Where: 

L: event pollutant load (mg) 

EMC: event mean concentration (mg/L) 

V: event volume (L) 

 

For each simulation, the deviation from, or the óerrorô on, the reference load was 

calculated as the percentage difference between the estimated and the reference loads (Equation 
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2-3). For a given sampling interval, up to 200 simulations were run generating a distribution of 

errors. The mean, the 5th and 95th percentiles (defining the 90% confidence interval) of the 

distributions were calculated. The choice of 200 was determined as the distribution indicators did 

not change significantly for more simulations (data not shown). Although root mean square error 

(RMSE) is used in similar studies (Leecaster et al., 2002; Ma et al., 2009; Harmel et al., 2003), 

authors believe that this estimator can mask valuable information and sometimes cause false 

interpretation of results.  

 

Equation 2-3   ὙὩὰὥὸὭὺὩ Ὡὶὶέὶ
  

 
ρzππ 

 

 Reference data 

Reference load was calculated based on the 2-minute hydrology and water quality dataset, 

using Equation 2-4.  

Equation 2-4 ὒ В ᶻὸ ὸ   
    

 Where: 

L: Event reference pollutant load (mg) 

Qi: Instantaneous flow (L/s) at time stamp ti  

Ci: Instantaneous concentration (mg/L) at time stamp ti  

n: total number of datapoints  

ὸ ὸ: time interval (s) 

 Pollutant dynamic analysis 

Pollutant dynamics were analyzed for the 29 events accounting for 90% of the total 

cumulative flow over the monitoring periods, using dimensionless cumulative curve of pollutant 

load vs volume (Bertrand-Krajewski et al., 1998; Lee and Bang 2000; McCarthy 2009). 
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In dimensionless cumulative curve load vs. volume method, curves plotted above the one-

to-one line indicate occurrence of higher portion of load earlier and in smaller portion of inflow 

volume. Using Equation 2-1 and Equation 2-4, cumulative volume and cumulative load were 

calculated for each storm at each data point (tj). The cumulative values at each data point were 

then normalized by diving by the total cumulative values (Equation 2-5; Equation 2-6).  

Equation 2-5 ὠ
В

      

Equation 2-6  ὒ
В

      

 

Additionally, to identify the most polluted part of inflow, the first flush evaluation method 

suggested by Bach et al. (2010) was used with modification of evaluating loads instead of 

concentrations and normalized cumulative runoff depth instead of non-normalized. In this method 

normalized cumulative runoff was divided in 5 parts with increments of 20 percentage points (e.g. 

0-20%, 20-40%, etc.) and the distribution of and average pollutant loads in each part was evaluated 

through box plots. 

 Uncertainty analysis 

The error indicators were calculated for each of the 29 events accounting for 90% of the 

total cumulative flow over the monitoring periods. The error indicators were then compared and 

analyzed as a function of (1) sampling intervals, (2) number of samples and whether the first 

sample was included, and (3) percent of event sampled. The statistical significance of effect of 

including the first sample, was tested using paired t-test.   
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2.3 Results and discussion 

 Stormwater pollutant dynamics: typical chemographs 

The typical relationship between flow and concentrations observed is illustrated in Figure 

2.6. Before each event, the area upstream the weir was carefully emptied such that measured 

concentrations would correspond to new water and not residual water from the previous event. 

At the onset of the majority of events, the instrument measured nitrate and DOC concentrations 

that were relatively high compared to the rest of the event.  This water likely corresponded to the 

very first liters of water arriving at the station. These concentrations were quickly diluted with 

sizable flow rates of several liters per second, creating an apparent concentration ótroughô at the 

onset of the rising limb of the hydrograph.  Nitrate and DOC concentrations gradually increased 

from then until they peaked after the flow peak, and receded to concentrations close to (e.g., 

nitrate) or about 75% of those of the peak (e.g., DOC) until flow receded completely.  The 

apparent delay in arrival of dissolved constituents such as nitrate and DOC seems to suggest that 

for this watershed, there was no first flush effect with these constituents.  

Conversely, TSS concentrations exhibited a óconcentration effectô where the TSS 

concentrations were very small at the onset of the hydrograph, and rapidly increased along with 

flow.  TSS concentration peak would then occur before the flow peak (as illustrated in Figure 

2.6), at the flow peak, but also sometimes right after the peak.  This dynamic was more typical of 

what was expected for particulates or particulate bound pollutants, as with flow increase the 

shear stress and transport capacity of water increases as well.  The receding of the chemograph 

afterwards might be associated with lower erosion/transport energy and/or the lowering of 

erodible/transportable material. 
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Figure 2.6 Typical chemographs and associated chemograph for event with 8.4 mm runoff that 

occurred on 08/21/2018 showing and apparent ódilution effectô of the nitrate and DOC 

concentrations with respect to flow rates, and a óconcentration effectô of TSS concentrations 
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 Stormwater pollutant dynamics: cumulative load analysis 

The chemograph analysis provides a qualitative approach to stormwater pollutant 

dynamics. The cumulative load analysis completes it on the quantitative side.  

 
a 

 
b 

 
c 

 
d 

 
e 

 
f 

Figure 2.7 Load-volume curves (left) and boxplots of normalized mass per portion 

of event volume (right) to describe the dynamics of NO3, DOC and TSS 

Figure 2.7 shows the plots of normalized event cumulative load vs normalized event 

cumulative volume (left) and the percentage of total load carried in each of the 5 parts of the 
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inflow volume (right). In these normalized plots, the slope of the dotted line is 1. In non-

normalized plots, the EMCs would correspond to the slope of the dotted line. Instantaneous 

concentrations at any particular event would correspond to the slope of the tangent to each solid 

line. For a majority of events, the highest proportion of the nitrate and DOC loads occurred after 

50% of the flow volume had passed corresponding to concentration peaks occurring after flow 

peaks (Figure 2.6; Figure 2.7a; Figure 2.7c). A few events show alignment with the one-to-one 

line suggesting instantaneous concentrations were very close to the EMC through most of the 

event (Figure 2.7a; Figure 2.7c). Two events did have higher nitrate load transported early in the 

event (Figure 2.7a) corresponding to nitrate peak occurring prior to peak flow. The boxplots for 

both of these pollutants show a consistent increase in the proportion of the load towards the latter 

portion of event volume (Figure 2.7b; Figure 2.7d).  The last 20 percentile of volume (i.e. 80-

100% of cumulative event volume) had highest variability of load and on average carried about 

25% of total nitrate load and about 30% of total DOC load (Figure 2.7b; Figure 2.7d). Based on 

these observations collecting samples only at the early part of the event or 60% of the event 

would have resulted in load underestimation for these pollutants. 

The relationship of TSS load transport with event volumes showed more variability: for 

the majority of the events, the concentration peak occurred before the peak flow (e.g., Figure 

2.6), for fewer, the TSS peaks and flow peaks were generally synchronous (alignment on the 

one-to-one line in Figure 2.7e), and in even fewer instances the TSS peak occurred after the flow 

peak (Figure 2.7e).  Such variability in the relationship of TSS loads and flow volumes was also 

reported by Metadier and Bertrand-Krajewski (2012).  The boxplots show highest variability of 

TSS load in the first 20 percentile of the inflow volume and highest average loads were observed 

in the second 20 percentile (i.e. 20-40% Figure 2.7f). Based on these observations at early parts 
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of the events carry the most TSS loads and sampling only the early part of event could have 

resulted in an overestimation of the TSS loads, as also suggested by Lee et al. (2007).  

 Evaluation of uncertainties associated with flow-proportional composite sampling 

Comparing the relative error at different sampling flow intervals, suggests that a too high 

or a too low flow-interval can result in significant relative error. Figure 2.8 illustrates the relative 

errors for nitrate load with sampling flow intervals varying from 1 to 30 m³ for one particular 

event. Up to 200 simulations were run for each sampling interval, and each point represents the 

calculated error for one simulation. The errors of load estimates can be divided into 3 sections of 

sampling intervals as illustrated in Figure 2.8, (1) too low a sampling flow interval may result in 

filling the composite bottle before the end of the event (section 1 in Figure 2.8 ; Figure 2.2a) and 

in the case of nitrate may result in an overall underestimation of loads, (2) ódesirableô sampling 

intervals when 100% of the event was sampled when there were óenoughô samples in the bottle 

generating acceptable errors (±5% , section 2 in Figure 2.8) , and (3) high sampling interval 

volume may result in too few samples in the composite bottle and an increasing range of relative 

error with the increase of sampling interval (section 3 in Figure 2.8; Figure 2.2b), in the case of 

nitrate this may result in overestimation of the loads.  
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Figure 2.8 An example of relative nitrate load error per sampling interval. Each dot represents 

the relative error that was computed for one simulation. Up to 200 simulations were computed 

for a given sampling interval. The red area represents the consequences of having a bottle full 

before the end of an event; the green area represents the sampling intervals for which the 

uncertainties are minimum; the bisque area represents the consequences of too few samples  

 

Each event had its own óuncertainty signatureô.  For small events, the bottle would not get 

full but significant uncertainties might come from too few samples when large sampling intervals 

were simulated.  For large events, largest uncertainties would be associated with small sampling 

intervals and the bottle getting full before the end of the event.  To harmonize the results, the 

uncertainties were plotted as a function of the number of samples per bottle, and as a function of 

the percentage of the event that was sampled, and drivers of uncertainties were extracted.   

 Uncertainty associated with sampling start threshold and the first sample 

Plotting uncertainties as a function of the number of samples per composite bottle, or as a 

function of sampling intervals, showed very large uncertainties (sometimes over 100%).  Further 

analysis revealed that these large uncertainty values were associated with simulations when the 

first sample was part of the composite bottle (Figure 2.9). It is important to remember that for a 

given sampling volume interval, the first sample would occur during the start period.  Results 

illustrated in Figure 2.9 suggest that the sample taken during this start period could, for some 

1 

2 

3 



   

73 

 

events have a dramatic negative effect on uncertainties. Including the first sample in composite 

sampling, increased the relative error of Nitrate load estimation mainly towards overestimation 

especially at higher sampling intervals (Figure 2.9a) where fewer number of samples were 

collected (Figure 2.9b).  

 

 
a 

 
b 

 
c 

 
d 

 
e 

 
f 

 

Figure 2.9 Comparing relative error of event load estimations including the first sample 

(presented in color), and excluding the first sample (presented in gray), as a function of sampling 

interval (left) and the number of samples per bottle (right) for all studied pollutants 

In a few observations, inclusion of the first sample resulted in underestimation of eventôs 

nitrate load (negative relative error), these values were observed at different sampling intervals 
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(Figure 2.9a) and number of samples (Figure 2.9b). Inclusion of the first sample could result in 

extreme negative outlier errors for DOC at collection of any sampling interval (Figure 2.9c) and 

number of samples (Figure 2.9d).  

Similar to nitrate and DOC load estimates, presence of the first sample resulted in 

extreme outlier negative relative errors especially at high sampling interval (Figure 2.9e) where 

larger number of samples were collected (Figure 2.9f) for TSS. Overall exclusion of the first 

sample in composite sampling could increase the accuracy of TSS load estimates.   

While these results were puzzling, it became important to observe why, for some events, 

including the first sample had such dramatic effect on the uncertainty, e.g., extreme high range of 

uncertainty values at high sampling interval and outlier relative errors throughout the event 

(Figure 2.9). A closer look at the hydrographs of such events, showed several peaks or pulses of 

inflow (i.e. Figure 2.11, Figure 2.13) as opposed to a textbook hydrograph. Other studies suggest 

sampling too early within the event can cause overestimation of concentrations and loads due to 

the first flush effect (Khan et al 2006; Lee et al 2007).  Figure 2.10 and Figure 2.12 illustrate for 

two events the relative error of load estimates with regular sampling scheme and excluding the 

first sample in the composite sampling, for the events illustrated in Figure 2.11 and Figure 2.13 

respectively. The results suggest that excluding the very first sample from the composite bottle 

could dramatically reduce the outlier error values of load estimation and also reduce the range of 

uncertainty at higher intervals where fewer number of samples would be collected.   

As shown previously, the studied watershed tended to have the highest TSS 

concentrations prior to the peak flow (Figure 2.7e; Figure 2.7f). The particular event illustrated 

in Figure 2.11a had an initial flow after which the flow approached zero before another peak 

occurred, this initial flow carried higher TSS loads (Figure 2.11b).  Sampling from this portion 
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of the event could have resulted in overestimation of loads, especially at higher sampling 

intervals where fewer samples would be collected, and less dilution could occur in the composite 

bottle (Figure 2.10a). The increasing high range of uncertainty values at high sampling intervals 

is reflective of the decrease in number of samples by increase of sampling interval. The sampling 

was simulated again excluding the first sample, where the possible start thresholds after the 

passing of the first sampling interval were tested. The load estimation error for this simulation 

showed a drastic reduction of uncertainty at high sampling intervals.  

a 
 

b 

Figure 2.10 Relative error of load estimates at different sampling intervals for 3 pollutants, 

including all samples (a) and excluding the first sample (b) 

 

  

 
a 

 
b 

Figure 2.11 Hydrograph of an event with several peaks where inclusion of the first sample can 

have high impact on the relative error of load estimates 
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Another example event generating this time, large load underestimation is illustrated in 

Figure 2.13a. This event also had some small flow variations before the major peak occurred, 

however, these were rather diluted and did not carry much of the TSS load (Figure 2.13b). 

Sampling within the start period potentially led to underestimation of TSS loads at higher 

sampling intervals where fewer number of samples would be collected, and also at lower 

sampling intervals where a smaller portion of event would be sampled (Figure 2.12a). Similarly, 

removal of the first sample from simulation has eliminated these outlier error in load estimation 

(Figure 2.12b).  

The discussed examples illustrate uncertainties in estimating TSS loads, but a similar 

pattern was also observed for both nitrate and DOC.  Overall, these results suggest that 

preventing the first sample to reach the composite bottle is preferable as it lowers the risk of very 

high uncertainties in the final estimation of EMC or loads.  For this reason, all analyses herein 

consider the case where simulations were performed excluding the first sample. 

 
a 

 
b 

Figure 2.12 Relative error of load estimates at different sampling intervals for 3 pollutants, 

including all samples (a) and excluding the first sample (b) 
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a 

 
b 

Figure 2.13 Hydrograph of an event with several peaks where inclusion of the first sample can 

have high impact on the relative error of load estimates 

 Uncertainty associated with the number of samples per composite bottle  

 

As a reminder, for each simulated combination of event × sampling interval (ranging 

from 1 to 30 m³, or 0.01-0.33 mm), a maximum of 100 samples per composite bottle was 

allowed.  The load estimates as a function of the number of samples per composite bottle is 

illustrated herein. Each estimate for each simulation for all 29 events is represented as a dot on 

Figure 2.9. For each value of the number of samples, there is a distribution of dots, from which 

the uncertainty can be characterized. We chose to use the mean as an indicator of the bias (solid 

colored line), and the 90% confidence interval (grey area) to assess the overall range of 

uncertainty.  These results exclude the first sample as suggested in the previous section.  

In general, the relative error decreased with an increasing number of samples in a 

composite bottle. Very few samples per bottle generated largest uncertainties, accompanied with 

high variability in the uncertainty range (Figure 2.14). This resulted from the variable number of 

distribution points for less than 10 samples per bottle.  



   

78 

 

 
a 

 
b 

 
c 

Figure 2.14 Relative error of eventôs pollutant load estimation per number of samples, excluding 

the first sample, with gray area representing the 90-percentile range and the mean value shown in 

colored line. 5 and 10% error range are marked as horizontal lines and the selected minimum 

number of samples are presented as vertical lines 

 



   

79 

 

Based on the 90% confidence interval criterion, it is possible to derive the minimum 

number of samples for which there would be 90% chance for event loads to be within ±5% and 

±10% of the actual (i.e., reference) load.  For our watershed and using the measured hydrographs 

and chemographs, at least 9, 13, 20 samples (or 9, 13, 20% of the bottle capacity) should have 

been collected to obtain nitrate, DOC and TSS loads, respectively, within ±10% of the actual 

load. A minimum of 19 and 22 samples (or 19 and 22% of the bottle capacity) for nitrate and 

DOC, respectively, would have been necessary to obtain loads within ±5% of the actual load.  

The 90% confidence interval for TSS in Figure 2.14 is a bit noisier than for nitrate and 

DOC, suggesting that ±5% accuracy and within 90% confidence interval might not be attainable.  

But this is contingent upon the number of samples from which the 90% confidence interval was 

calculated.  The underlying tendency, however, suggested that ±5% accuracy could be reliably 

attained for 29 samples (of 29% of the bottle capacity). All these values are based on the premise 

that the first sample was excluded.   

 Uncertainty associated with percentage of event sampled 

 

The last main source of uncertainty illustrated in Figure 2.8 occurred when the composite 

bottle gets filled up before the end of an event, leaving a percentage of the event flow volume 

unsampled. A potentially large source of uncertainty was due to the percentage of event sampled, 

when it is less than 100%.   

Figure 2.15 shows the relative error of load estimation for all events vs. the percentage of 

event sampled. Due to the few data points at low values of percent event sampled, the presented 

data was aggregated for every 5% of event sampled (Figure 2.15-left) and illustrated in detail at 

higher percentage of event sampled with aggregation at every 1% (Figure 2.15-right).  
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Figure 2.15 Relative errors of event load estimation as a function of percent of event sampled 

aggregated at every 5 % (left column).  The results highlighted in the green rectangles are 

illustrated at a 1% for higher percentages of event sampled (right column). The 90% confidence 

intervals and the average errors are represented with a grey area and a solid line. Suggested 

minimum percent event sampled to achieve ± 10% are shown with a vertical dotted line (right 

column) 

 

In general sampling a low percentage of event resulted in systematic underestimation of 

nitrate and DOC loads and systematic overestimation of TSS loads (Figure 2.15-left).  Sampling 
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less than 100% of the event resulted in a systematic bias towards overestimation and 

underestimation of the normalized and therefore actual EMCs for constituents with, respectively, 

a óconcentration effectô (e.g., TSS) or a ódilution effectô (e.g., nitrate and DOC) (Figure 2.16). 

 

Figure 2.16 Illustration of the over- and underestimation of the normalized EMC for TSS, and, 

nitrate when only 80% of an event would be sampled. The cumulative curves for TSS, nitrate 

represent the general behavior observed in Figure 1 6 Actual and apparent EMC 

Figure 2.15-right shows the relative errors (grey dots) and the 90% confidence interval 

(grey area) calculated from the data available across all the event × sampling intervals 

combinations. These plots correspond to the zoomed in version for percent event sampled greater 

than 75% at one percentage point resolution. Results show that for nitrate, DOC, and TSS, there 

was 90% confidence that the errors would be within ±10% when at least 85%, 85%, and 90%, 

respectively, of the event would be sampled, and very significant errors would occur with lower 

percentages.  For DOC, even with more than 85% of event sampled, the results show a 

systematic overestimation of +3% on average (Figure 2.15d).  
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For TSS, sampling 85% of event would have resulted in load estimates within a ±20% 

accuracy (Figure 2.15f).  Our results show that with the commonly accepted minimum of 60% of 

the storm sampled (Strecker et al., 2001), this would, in the case of the studied watershed, lead to 

potentially very large errors (Table 2.1). The suggested 60% threshold is based on the TSS load 

that are thought to often be transported earlier within the event as sediment removal is often the 

main goal in stormwater water quality treatment. However, our results show that for TSS and 

probably for all pollutants associated with suspended particles such as total phosphorus, a much 

higher threshold should be sought. Given the uncertainty variability at different percent event 

sampled and high uncertainty associated with TSS estimation, it seems appropriate for reports on 

stormwater water quality to include percent event sampled as an important variable along the 

reported removal rates. 

 

Table 2.1 Range, mean, and 90% confidence interval (CI) of relative error at each percent event 

sampled (i.e., percentage of total inflow volume sampled) 

Pollutant 
Error 

range 

Percent Error for Percent Event Sampled 

50% 60% 70% 80% 90% 100% 

NO3 Ė 

total 

range  
╕ 37    +15 ╕ 33    0 ╕ 26    +10 ╕ 21    +8 ╕ 8    +12 ╕ 7    +8 

90% CI ╕ 36    +6 ╕ 32    0 ╕ 22    +5 ╕ 12    0 ╕ 7    +6 ╕ 5    +5 

mean ╕ 21 ╕ 14 ╕ 8 ╕ 6 ╕ 1 1 

DOC 

total 

range  
╕ 42     ╕ 8 ╕ 30    ╕ 4 ╕ 24    0 ╕ 17    +12 ╕ 9    +16 ╕ 4    +17 

90% CI ╕ 38     ╕ 11 ╕ 28    ╕ 4 ╕ 22    0 ╕ 11    +11 ╕ 2   +12 0    +13 

mean ╕ 26 ╕ 16 ╕ 13 ╕ 3 5 5 

TSS 

total 

range  
╕ 10    +70 ╕ 65    +54 +4    +50 ╕ 45    +28 ╕ 54    +25 ╕ 56    +18 

90% CI ╕ 9    +65 ╕ 55   +33 +8    +40 ╕ 4    +22 ╕ 8   +11 ╕ 10   +6 

mean 27 24 32 11 3 ╕ 2 
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 Practical recommendations to choose best sampling volume interval 

 

In light of all our results, it is possible to propose recommendations to calculate optimum 

sampling volume intervals. Ideally, one would be able to change these intervals to best fit 

forecasted events. Practically, this would very rarely happen. Instead sampling flow intervals are 

set once and for all, or sometimes may be changed seasonally.  

The three new pieces of information that this work provides is that uncertainties are 

acceptable (±10%) provided that 1) the first sample not be sampled (most automatic samplers 

have this feature preprogrammed), 2) more than 90% of an event volume be sampled, and 3) that 

one can afford to have as low as 30% of the composite bottle filled.  Obviously, these results are 

somewhat contingent upon the peculiarities of the studied watershed, and it is possible that 

different values would have been recommended from continuous data from another watershed.  

Nonetheless, we believe most of the general results would hold. 

The appropriate sampling interval for a given event, based on the results can be 

calculated using Equation 2-7. The siteôs runoff volume for a given event can be calculated 

based on the size and imperviousness of watershed and the size of the event.  

Equation 2-7  ὛὥάὴὰὭὲὫ ὭὲὸὩὶὺὥὰ 
 ᶻ     

  
 

To select a sampling interval that can accommodate a range of event sizes for a given 

site, the following steps are suggested: 

- Defining a range of event sizes to be monitored at the site. This range should exclude 

the extreme events. 

- Calculation of the min and max runoff volume for the site. 
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- Calculation of the appropriate sampling interval to capture 100% of the minimum 

runoff volume with the minimum number of samples using Equation 2-7 (this is the 

proper sampling interval). 

- Calculation of the number of samples collected from the maximum runoff volume 

captured at desired percentage (i.e. 90% as suggested for TSS with ±10% error range) 

using Equation 2-7. This would result in the highest number of samples that should 

be captured in the composite bottle. 

- Calculation of the volume of each sample to be composited by dividing the maximum 

capacity of composite bottle by the maximum number of samples to be collected 

(resulted from previous step). 

In many instances, extreme rainfall events can be somewhat predicted, like in the case of 

hurricanes or tropical storms in the southeast US. In these cases, the best approach would be to 

change the sampling volume intervals to very high values to capture near 100% of the storm.  

Since there is no practical way to find the sampling intervals that would fit all events all the time, 

this work can also be used to assess whether the EMC found for all monitored events have a high 

chance to be stained with errors.  The first test is certainly the percentage of the flow sampled. 

Less than 90% has a very high chance to yield systematically biased EMCs.  On the other side of 

the spectrum, when less than 25% of the bottle would be filled, it would be possible to verify the 

timing of the sampling with respect to flow. Having a sample very early in the event should lead 

the operator to question the validity of the EMC obtained. 

2.4 Conclusions 

Hydrology and water quality of an urban watershed of 91.2 square kilometers with 30% 

impervious surfaces was studied. Water quality monitoring was performed using minute scale 
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flow and water quality data, using an in situ spectrophotometer for the latter. Use of the 

spectrometer eliminated the limited sampling capacity issue of autosampler and allowed for 

high-frequency water quality sampling. Using the spectrophotometer, 68% of events were 

sampled during monitoring period of 20 months. The resulted high resolution chemographs were 

numerically sampled to simulate flow-interval composite sampling, measure the uncertainties 

associated with this sampling method, and derive additional guidelines for stormwater sampling. 

Flow-interval composite sampling method is considered the most robust sampling method in 

stormwater (Lee, et al, 2007, Ma et al. 2009). Sampling uncertainty was measured in terms of 

relative error of event load estimates. The identified sources of uncertainty were (1) the sampling 

start threshold, (2) the number of samples composited per event, and (3) the percentage of event 

flow volume sampled.  

Our results provide/update three new pieces of information on the generation of 

uncertainties associated with Flow proportional composite sampling.  

1) The first scheduled sample should not be taken (most automatic samplers have this 

feature preprogrammed). Based on the results, sampling early within the event and 

specially sampling the small peaks that reside to zero before the main peak of event, can 

result in high relative error for load estimation of all pollutants.  Our simulations show 

that eliminating the first sample that would be triggered by the automatic sampler 

dramatically reduces the risk of large uncertainties on EMC and event loads.  

2) To achieve an accurate load estimation, a large portion of a storm event volume should be 

sampled along with a representative number of samples. Exhaustion of autosampler 

capacity early within an event would result in systematic underestimation of constituents 

exhibiting dilution effects (e.g., dissolved constituents such as Nitrate and DOC) and 
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overestimation of constituents exhibiting concentration effects (e.g., particulates and 

particulate bounds constituents such as TSS). To obtain accurate measurement of Nitrate 

and DOC within ±5% range and with 90% confidence interval, at least 85% of an event 

should be sampled. Measurement of TSS load at the same accuracy may not be 

attainable, however sampling 95% of an event would result in ±10% accuracy with 90% 

confidence interval. 

3) A relatively small percentage of the composite bottle can be filled to obtain satisfactory 

uncertainties: to obtain uncertainty within ±5%, less than 25% of the bottle capacity is 

enough for dissolved constituents like nitrate and DOC, and 30% for particulate 

constituents like TSS. To obtain uncertainties within ±10%, less than 15% and 20% of 

the bottle capacity is enough for, respectively, dissolved constituents like nitrate and 

DOC, and for particulate constituents like TSS.  

To achieve these levels of accuracy in sampling at a given watershed, the decision on 

flow-interval should be made based on sampling capacity and predicted amount of runoff. 

Amount of runoff can be estimated through watershed characteristics and historical rainfall data. 

To decide on a sampling flow-interval 3 factors should be considered: (1) the smallest event size 

to be sampled should result in a composite bottle filled to about at least 20% of its volume, (2) 

the largest event size to be sampled should not exceed the autosamplerôs capacity, and (3) the 

weather forecast should be monitored and in case of extreme events, the flow-interval should be 

adjusted accordingly.  Operators could also use our results to assess the chances for significant 

errors. In particular, we suggest it is best to report the percentage of event sampled as well as the 

number of samples per event, to account for the potential uncertainties associated with the results 

in future stormwater studies. 
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CHAPTER 3: QUANTIFYING THE BENEFITS OF REAL -TIME CONTROL OF 

A WET POND AND A WETLAND IN NORTH CAROLINA  

Abstract 

Real-time control (RTC) of stormwater control measures (SCMs) can increase the storage 

capacity of existing SCMs, resulting in a potential increase of retention time leading to hydrologic 

and water quality benefits. Additionally, some studies suggest RTC as a solution to equip existing 

SCMs for changing precipitation patterns and unprecedented extreme events. This research, in 

collaboration with OptiRTC, examines the performance of RTC on a constructed stormwater 

wetland (CSW) and a wet pond in North Carolina. These two SCMs were retrofitted with RTC in 

predictive mode, with performance being evaluated by comparing hydrology and water quality 

before and after the retrofit. RTC implementation increased the number of no outflow events for 

smaller storms (accounting for less than 16% of total inflow volume) while increasing the number 

of higher volume events. Cumulative volume reduction of both SCMs remained the same pre- and 

post-retrofit. RTC underestimated the incoming eventôs volume for 86% of total inflow volume at 

the CSW and 65% at the wet pond, resulting in intra-event overflow. Mean peak outflow rates 

remained fairly the same. Retention time post-retrofit (1) decreased at the CSW, due to occurrence 

of overflow, and (2) increased by a factor of 4 at the wet pond. Both SCMs had higher than average 

volume and pollutant reduction pre-retrofit. Water quality results were mixed, reflecting RTCôs 

impacts on retention time. (1) The CSW was unaffected by RTC implementation, (2) while RTC 

improved pollutant retention of the wet pond by 29%, 17%, and 7% for TSS, DOC, and PO4
3ī-P 

respectively.  
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3.1 Introduction  

Urbanization and expansion of impervious surfaces has led to increased runoff volume and 

flooding (Leopold 1973; Hollis 1975), peak flow (Leopold 1973; Leopold 1994; Jennings and 

Jarnagin 2002), and pollutant loads (Trimble 1997; Line et al. 2002) in urban streams and receiving 

waters (Walsh et al. 2005; Walsh 2000). Stormwater wetlands and wet ponds are two popular 

stormwater control measures (SCMs) that mitigate volume and peak flow and offer water quality 

improvements through the retention of runoff and slow release of it (MDE 2009; PADEP 2006). 

This slow discharge of water is normally passively-released through an orifice in the outlet 

structure and is driven by intra-event water level pressure head (NCDEQ 2018; Figure 3.1). The 

outlet is designed to provide a release rate that ensures available volume in the SCM to capture the 

majority of annual runoff (NCDENR 2009; MDE 2009), while providing retention time for water 

quality treatment (NCDEQ 2018). Research shows that increase in retention time can improve 

water quality (Papa et al. 1999; Smolek et al. 2015) by (1) encouraging sedimentation and 

concomitant removal of phosphorus and heavy metals with fine particles (Pettersson 2002; Vaze & 

Chiew 2004), (2) increasing UV exposure (Vergeynst et al. 2012) and (3) extending plant contact 

that can encourage biological mechanisms and nutrient uptake (Greenway 2004). An important 

factor in retention time is SCM storage capacity (Walker, 1998). However, with passive outflow, 

increasing the retention time requires elongating the time water is stored in the basin, which 

reduces the SCMôs capacity to capture subsequent rain events (Guo, 2002). Use of active outflow 

potentially increases the retention time without sacrificing the hydraulic capacity of the SCM 

(Marsalek 2005; Gaborit et al. 2016). 
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Figure 3.1 Outlet structure of wetland/wet pond with passive water release through an orifice, 

modified from NCDEQ 2018 

Active outflow is the controlled (manual or automatic) release of water from a basin with 

the goal of increasing its hydraulic retention time and water quality treatment capacity. It entails 

a controlled closure of the outlet with a valve or gate to retain the captured runoff in the SCM for 

extended periods and then release the water when pre-defined critical levels are reached (e.g. 

overflow level; Gaborit et al. 2013). The release of outflow can be either reactive, in response to 

a received storm event (existing condition) or predictive, in response to a predicted runoff 

volume (future condition) (Gaborit et al. 2016). In the predictive approach, the water level in the 

SCM is monitored to calculate the available storage capacity for the predicted event in real-time 

and, if required, advanced release of some water to provide more capacity (Gaborit et al. 2016; 

Kerkez, et al. 2016). Active outflow has been studied and implemented under different names 

such as active control, dynamic control, adaptively controlled, real-time control (RTC), and 

continuous monitoring and adaptive control (CMAC). 

RTC has been widely used in management of wastewater and combined sewer systems 

(Schütze 2004; Pleau et al. 2005; Stinson & Vitasovic 2006). The use of RTC in stormwater 

management has been gaining attention due to potential hydrologic and water quality benefits 
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resulting from the increased storage capacity. Some studies focused on the use of RTC as a 

method to adapt current SCMs to the changing precipitation patterns and unprecedented extreme 

events (Quigley et al., 2008; Kerkez, et al. 2016; Lefkowitz, et al. 2016; Shishegar et al. 2018). 

SCM size is based on the historic precipitation data. However, studies suggest rainfall frequency 

and intensity are changing (Alexander et al., 2006; Kunkel et al., 2013; Kendon et 

al., 2014; Mann et al., 2017; Wuebbles et al. 2017). Perhaps SCM design should account for this 

change (Rosenberg et al., 2010)? Active control outflow has the potential to increase an SCMôs 

capacity without changing the SCMôs size.  

https://agupubs.onlinelibrary.wiley.com/doi/full/10.1002/2017JG003904#jgrg20854-bib-0033
https://agupubs.onlinelibrary.wiley.com/doi/full/10.1002/2017JG003904#jgrg20854-bib-0042
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Table 3.1 Summary of studies on the active outflow, including SCM type and location, method 

of comparison, and duration of the study 
SCM 

type 

Author/s Location Method Study Duration 

Wet 

retention 

pond 

Muschalla et al.,  

2014 

Quebec 

City,  

Canada 

Passive-site monitoring 

Active-simulation 

 2 months (Jul-Aug 2008) 

Strauss and 

Lefkowitz, 

2017 

Montgomery 

County,  

MD 

Passive-conventional 

data 

Active-site monitoring 

11 months (Jan-Nov 2016) 

5 events 

Gilpin and 

Barrett.,  

2014 

Travis 

county,  

TX 

Passive-site monitoring 

*  

Active-site monitoring 

8 months (Mar-Oct 2013) 

10 events (2 paired) 

Dry 

detention 

pond 

Gaborit et al.,  

2013 

Quebec 

City,  

Canada 

Passive- site monitoring 

Active-simulation 

6 consecutive summers 

(2010) 

Middleton and 

Barrett,  

2008 

Austin,  

TX 

Passive-conventional 

data 

Active-site monitoring 

10 months (Jul-May 2006) 

13 events 

Jacopin et al.,  

2001 

France Passive-site monitoring 

*  

Active-site monitoring 

1 year 

8 events 

Marchese,  

2018 

Beckley,  

WV 

Passive-simulation 

Active-site monitoring 

6 months 

Carpenter et al.,  

2013 

Quebec 

City,  

Canada 

Passive-site monitoring 

*  

Active-site monitoring 

6 consecutive summers 

(2010) 

15 events 

Schmitt et al.,  

2020 

Blacksburg, 

VA 

Passive-simulation 

Active-simulation 

15 years of precipitation data 

Bilodeau et al.,  

2018 

Quebec 

City,  

Canada 

Passive-simulation 

Active-simulation 

6 months 

4 events 

Rainwater 

harvesting 

Gee and Hunt,  

2016 

Craven 

county,  

NC 

Passive-site monitoring 

*  

Active-site monitoring 

Passive-15months, 90 events 

Active-14 months, 51 events 

Roman et al.,  

2017 

New York 

City,  

NY 

Passive- conventional 

data 

Active-simulation 

10 years of precipitation data 

652 events 

GI 

treatment 

train  

Lewellyn and 

Wadzuk,  

2017 

Villanova,  

PA 

Passive-site and 

simulation 

Active-site and 

simulation 

2 years 

201 events 

*Passive and active control studies on two different sites 

Active outflow has been evaluated for different SCM types such as dry ponds (Jacopin et 

al., 2001; Middleton and Barrett, 2008; Carpenter et al., 2013; Gaborit et al., 2013; Bilodeau et 
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al., 2018; Marchese, 2018; Schmitt et al. 2020), wet ponds (Gilpin and Barrett., 2014; Muschalla 

et al., 2014; Strauss and Lefkowitz, 2017), rainwater harvesting (Gee and Hunt, 2016; Roman et 

al., 2017), and a treatment train of different SCMs (Lewellyn and Wadzuk, 2017). Table 3.1 

provides a summary of previous studies of active outflow on different SCM types and locations, 

including their evaluation method and duration of study. These studies have evaluated reactive 

and predictive approaches as well as manual or digital control, through both simulation or pilot 

studies, and all have suggested improved volume reduction, peak attenuation (Table 3.2), and 

pollutant removal efficiency (Table 3.3) with the use of active outflow. Wet pond-focused 

studies have suggested flow peak attenuation of 50% (Muschalla et al., 2014) and volume 

reductions of 67% (Strauss and Lefkowitz, 2017). However, neither study reported expected 

performance, had the ponds been passively controlled. Wet pond studies further reported TSS 

removal efficiency would improve by 8-12% (Muschalla et al., 2014), 13-16% (Strauss and 

Lefkowitz, 2017), and 27% (Gilpin and Barrett., 2014; Table 3.3) with implementation of RTC. 

Nitrate-nitrite could improve as well ([8-32% (Strauss and Lefkowitz, 2017) or 94% (Gilpin and 

Barrett., 2014)], Table 3.3). In these studies water quality improved even with different retention 

times associated with different RTC configurations. Tested RTC configurations included 24-hour 

retention time (Gilpin and Barrett., 2014), 48-hour retention time (Strauss and Lefkowitz, 2017) 

and maximum retention time unless exceeding 80% of the aquatic life span of mosquitoes 

(Muschalla et al., 2014). The limited number of observed events (<5) is a shortcoming of these 

studies (Table 3.1).  
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Table 3.2 Summary of hydrologic benefits of active outflow reported in the literature 

Author/s Configuration Hydrologic benefit 

Muschalla et al., 2014 Maximum retention time unless 

exceeding 80% of the aquatic 

life span of mosquitoes 

50% peak attenuation 

Strauss and Lefkowitz, 

2017 

Increased retention time from 24 

hr to 48 hr 

67% volume reduction 

Jacopin et al., 2001 On/off system set to zero 

outflow during rain 

Increased max storage capacity   

site1: 17% to 34% 

site2: 43% to 50% 

Schmitt et al.,  

2020 

Reactive strategy to maximize 

detention time, avoid overflow, 

provide smooth drawdown 

Peak attenuation for small to moderate 

events, (return period < 2 years) 

Maintained or increased peak flow for 

larger storm rates.  

Bilodeau et al.,  

2018 

Increase detention time an 

average of 36 hrs 

46% peak attenuation 

22% less frequent use of the 

downstream collector 

Gee and Hunt, 2016 Predictive strategy to minimize 

overflow during an event 

91% volume reduction 

93% peak attenuation 

Roman et al., 2017 Predictive strategy to minimize 

overflow during an event 

Increased max storage capacity 76.6%  

Lewellyn and Wadzuk, 

2017 

If no rainfall, pump water from 

the cistern to the treatment train 

33% overflow volume reduction 

 

 

The expansion of RTC into stormwater requires further evaluation of RTC performance 

and implementation in different locations and on different types of SCMs. In collaboration with 

OptiRTC ® (Opti Boston, MA, USA), this study has evaluated the companyôs proprietary RTC 

system on a stormwater wetland and a wet pond in Raleigh, North Carolina. The research 

objectives are: (1) quantifying the hydrologic and water quality benefits of using RTC in a 

stormwater wetland and wet pond in NC, and (2) providing suggestions for the future design of 

these SCMs vis-à-vis RTC to optimize performance. This study is the first to evaluate the RTC 

on a stormwater wetland.  
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Table 3.3 Summary of water quality benefits of active outflow reported in the literature 

Author/s Configuration Removal-

passive 

Removal-active 

Muschalla et al., 2014 Maximum retention time unless 

exceeding 80% of the aquatic 

life span of mosquitos 

68.5-86.0 % 

TSS 

additional 8-12% 

TSS removal 

Strauss and Lefkowitz, 

2017 

Increased retention time from 

24 hr. to 48 hr. 

20-36% NO3-

N  

40-72% TSS  

28-68% NO3-N  

53-88% TSS  

Gilpin and Barrett., 2014 24 hr. retention 39% E.coli 

0% NO3-N 

71% TSS 

88% E.coli 

94% NO3-N 

98% TSS 

Gaborit et al., 2013 Max detention time, avoid 

overflow, slow drawdown, limit 

retention to 3-4 days to avoid 

mosquitos. 

46% TSS  90% TSS 

Middleton and Barrett, 

2008 

12 hr. retention time, 12 hr. 

drawdown time 

75% TSS 

conventional 

removals were 

lower than 

active outflow 

results 

91% TSS 

58% NO3-N, NO2-N 

35% TKN 

55% T-Copper 

69% T-Lead 

62% T-Zinc 

34% COD 

52% TP 

Jacopin et al., 2001 On/off system set to zero 

outflow during rain 

6% TSS 1 

14% TSS 2 

47% TSS 1 

57% TSS 2 

Marchese, 2018 48 hr. retention time, 12 hr. 

drawdown time 

No outflow during an event, 

unless to avoid overflow.  

0% TN* 

0% TP* 

0% TSS* 

31% TN 

48% TP 

62% TSS 

Carpenter et al., 2013 Max detention time, avoid 

negative effects of overflow 

and particle resuspension 

39% TSS 

10% NH3-N 

20% Zinc 

90% TSS 

84% NH3-N 

42% Zinc 

*These low removal values are potentially due to the reported low residence time (1hr) for the 

simulated passive control. 

 

3.2 Methods 

 Site description 

A wet pond and constructed stormwater wetland (CSW) located on the NC State campus 

were selected for instrumentation and monitoring (Table 3.4). The CSW treated runoff from a 

9.12-ha, 30% impervious watershed that drained a wooded area, rooftop, landscape, and roadway 
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(Table 3.2). The CSW surface area at permanent pool elevation was 0.13ha, with a forebay 

comprising ~13% of this area. The outlet structure was a 1.7-m square riser with a 50-mm 

diameter drawdown orifice located 530mm below the overflow weir. The emergency drain was a 

150-mm diameter orifice with a valve placed at the outlet structure side (Figure 3.9d).   

Table 3.4 Characteristics of the studied wet pond and CSW, location, watershed characteristics, 

and design features 

  CSW Wet pond 

Location (Latitude and longitude) 35°45'25.5"N, 78°41'15.4"W 35°46'33.8"N, 78°40'51.5"W 

Year constructed 2001 2004 

Watershed area (ha) 9.12 1.7 

Watershed land use 

Wooded area, rooftop, 

landscape, road 

Rooftop, parking lot, 

landscape 

Watershed imperviousness (%) 30 83 

Permanent pool surface area (ha) 0.13 0.05 

Forebay area (m2) 157 93 

Storage volume at permanent pool 

elevation (m3) 408 437 

Storage volume at temporary pool 

elevation (m3) 1158 760 

Temporary pool depth (m) 0.53 0.52 

Outlet structure 1.7 m square riser 

1.6 m square riser decreasing 

to 1 m at the top 

Drawdown orifice diameter (mm) 50 25 

Emergency drain diameter (mm) 150 150 
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Figure 3.2 Watershed delineation (dotted line) and surface area of the CSW (highlighted in 

green) 

The wet pond treated runoff from a 1.7-ha, 83% impervious watershed that drained a 

rooftop, parking lot, and landscape (Figure 3.3). Most (89%) runoff flows from a rooftop and 

parking lot, while the latter is pretreated by a swale. A fraction (11%) of runoff flows from a 

parking lot and surrounding landscape that passed through a CSW before entering the pond 

(Figure 3.3). The pond surface area at permanent pool elevation was 0.05ha, with a forebay 

comprising ~20% of this area. The outlet structure was a 1.6-m square riser gradually decreasing 

to 1-m at the top with a 25-mm diameter drawdown orifice located 520mm below the overflow 

weir. The emergency drain was a 150-mm diameter orifice with a valve placed at the pond side 

(Table 3.16b).  
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Figure 3.3 Watershed delineation (dotted line) and surface area of the wet pond (highlighted in 

green), including the upland pre-treatment SCMs 

  Flow and water quality monitoring 

 CSW 

Flow and water quality of the wetland were monitored for 12 months (December 2017 ï 

December 2018), and the effect of RTC retrofit was monitored for 7 months (January ï August 

2019). Inflow passed through an underground 1.52-m corrugated reinforced concrete pipe (RCP; 

Figure 3.2). A 90° V-notch wooden weir was placed at the entry of this pipe, and flow rate was 

calculated using the upstream flow depth using a ñTeledyne ISCO® Bubbler Moduleò model 

730, at 2-minute intervals, mounted on a 6712 ISCO autosampler (Figure 3.4). Data were 

collected on 2-minute intervals. At the outlet the flow rate was calculated using two 

complementary methods. Flow depth and velocity were first measured using an area velocity 

meter (AVM) ñTeledyne ISCO AVM Moduleò model 750, mounted on a 6712 ISCO 

autosampler, placed at the entry of a 0.9-m diameter outlet RCP. The AVM was placed in the 

1.7 ha 
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0.91m RCP outlet pipe. Secondly, low flow depths were again measured using a pressure 

transducer (HOBO U20L-04Ê) placed inside a 22.5° v-notch wooden weir box installed at the 

outlet orifice (Figure 3.5). AVM s ideally measure higher flows, but often fail to accurately 

measure low flows (also observed by Middleton and Barrett, 2008). Thus, the need for pressure 

transducer-measured low flows.  Pressure transducer flow measurement was only employed pre-

retrofit, because once the SCM was retrofitted, the outlet orifice was closed. The measured flow 

rate was used by the autosampler to calculate cumulative flow volume and trigger water quality 

sampling. 

 
a 

 
b 

 
c 

Figure 3.4 Inlet monitoring configuration -weir (left), autosampler intake and spectrometer 

(middle), autosampler and spectrophotometer control (right) 

 

 
a 

 
b 

 
c 

Figure 3.5 Outlet monitoring configuration ï weir box and pressure transducer (left), 

spectrophotometer (middle), autosampler box (right) 

Water quality was measured at 4-minute intervals using in-situ UV-Vis 

spectrophotometer, Spectro::lyser UV produced by S::CAN® Messtechnik GmbH with an optical 
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path length of 5mm and measuring light absorbance over the 200-730 nm range. These sensors 

allowed for water quality monitoring of any size event. Therefore, water quality was obtained for 

all events with a minimum of 1 mm rainfall. To prevent blockage of optical path length by 

debris, and minimize fouling on the optics, the spectro::lyser probes were fitted with the 

ñruck::sackò automated brush (from the same manufacturer) activated before each measurement 

(Figure 3.4b). Additionally, the spectrophotometer was cleaned during each site visit using 

deionized water and diluted acid (HCL 2%) (Ethridge, et al. 2013). At the inlet, the 

spectrophotometer was placed behind the weir beside the ISCO intake such that it was 

submerged in presence of flow (Figure 3.4b). At the outlet the spectrophotometer was placed at 

the end of the outlet pipe for maintenance access purposes, behind a broad crested weir (Figure 

3.5b).  

For local calibration of the spectrometers, discrete water quality samples were obtained 

using a Teledyne ISCO portable autosampler model 6712 with the 24-bottle configuration. For 

best calibration, it is recommended to cover the entire range of observed concentrations (low and 

high values) (Rieger et al., 2006). To sample along as large a concentration range as possible, a 

focus was made to obtain samples at high peak flows. A detailed description of 

spectrophotometer operation, selection of local samples for calibration, and calibration process 

were presented in Chapter 1. 

The water quality samples were collected from the site, within 24 hours of the previous 

eventôs conclusion. Samples were transferred to the research refrigerator that was 4.3km from 

the project site. From the 1-liter discrete sample bottle, a 300-mL plastic bottle was filled for 

total suspended solids (TSS) analysis, and the rest of the sample was filtered twice through a 

12µm and a 0.22µm Fisher Scientific® filter into a 60-mL glass bottle to analyze the remaining 
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pollutants. Analyzed pollutants included Nitrate (NO3
ī-N), Ammonium (NH4

+-N), Total 

Dissolved Nitrogen (TDN), Total Suspended Solids (TSS), Orthophosphate (PO4
3ī), and 

Dissolved Organic Carbon (DOC). Samples were tested at the Environmental Analysis 

Laboratory at NC State University, using the analysis methods provided in Table 3.5. Among the 

monitored pollutants, nitrate, TSS, and DOC absorb light and therefore are measurable by 

spectrophotometers (s::can Messtechnik GmbH 2019). Other studies were able to estimate NH4
+-

N and PO4
3ī-P through spectral data, potentially due to co-variability of the color of water with 

the pollutants (Etheridge et al., 2015). Although, in this research, such co-variability was not 

observed (Chapter 1), and those pollutants were not included in the data analysis. All instruments 

were powered by 12-volts batteries charged by solar panels (10W for the ISCO and 100W for the 

spectrophotometer).  

Table 3.5 Laboratory analysis methods 

Parameter Analysis Method 

NO3
ī-N Standard Methods 4500-NO3-E or EPA Method 353.2 

NH4
+-N EPA Method 351.2 

DOC EPA Method 415.1 with Teledyne Tekmar Apollo 9000, 0.45 µm filter 

TSS Standard Methods 2540D or EPA 160.2 

PO4
3ī-P  Standard Method 4500-P F or EPA Method 365.1 

 

 Wet pond 

Due to delays in selecting the wet pond, the pre-retrofit monitoring period was shorter 

than that of the CSW. Flow and water quality of the wet pond were monitored for approximately 

three months (October 2018-January 2019). During pre-retrofit monitoring, the RTC system was 

installed. The effect of this retrofit was monitored for 8 months (January - August 2019). 

Monitoring stations were installed at the two inlets and the outlet. A 90° v-notch wooden weir 

was placed at the entry of the 0.6-m RCP discharging the main inflow (Figure 3.6 left). At the 
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outlet, a compound weir (15-cm tall, 45° v-notch lower portion and 61-cm wide rectangular 

upper portion) was placed inside the outlet structure and before the outlet pipe, covered from the 

top with a baffle to direct the overflow behind this weir (Figure 3.7). At the main inlet and the 

outlet, flow rate was calculated by measuring the water level just upstream of the weir by 

Teledyne ISCO® Bubbler Module model 730, mounted on a 6712 ISCO autosampler. Secondary 

inflow passed through a 0.46-m RCP (Figure 3.6 b). A 60° v-notch wooden weir box was placed 

at the end of this pipe, and flow rate was calculated using the depth of flow upstream of this weir 

as measured by a pressure transducer (HOBO U20L-04Ê; Figure 3.6 b). All water level data 

was collected on 2-minute intervals. 

Water quality was collected as flow proportional composite samples using the ISCO 

autosampler with a 20-liter bottle. The autosampler was configured to collect representative 

samples from rainfall depths ranging from 7mm through 28mm. A representative composite 

sample included samples from at least 90% of event duration with a minimum of 10 samples per 

event resulting in load estimation with a ±20% error range (Chapter 2). Within 24 hours of an 

eventôs cessation, the composite sample was transferred to the research refrigerator, 1.3km from 

the project site, treated, and analyzed using the same procedures explained in the CSW section.  
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a 

 
b 

Figure 3.6 Monitoring configuration at the main pond inlet [weir placed at the entry of pipe(a)] 

and the secondary inlet [Weir placed at the end of pipe draining the upland wetland (b)] 

 

Figure 3.7 Monitoring set up at the outlet: a composite weir covered by a baffle to direct 

overflow behind the weir 

 Real-time control set up and configuration 

The real-time control system used in this study was the proprietary package, OptiNimbus 

offered by OptiRTC, Inc. This system includes a water level sensor (Levelgage, Keller America 

Inc), a rain gauge, an electronically actuated butterfly valve (P series, ProMation Engineering, 

Inc), solar power kit (24V), and a control panel (OptiThunder) connected to the Optiôs cloud-

based software (OptiNimbus) through cellular data (Figure 3.9, Figure 3.10). Using the design 
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plans and a land survey of each SCM, a stage-storage relationship was developed (Table 3.4). 

The water level sensor submerged in the pond collected the stage data, which was calibrated 

using manual site measurements (Figure 3.9 e,f). Using this information, the RTC system 

calculated the storage capacity of the SCM in real-time. The RTC system was studied in 

predictive mode. Therefore, the precipitation forecast obtained from the National Weather 

Service, coupled with watershed characteristics (Table 3.4) was used by the RTC to calculate the 

incoming runoff volume. The RTC was configured to respond to a 24-hour precipitation forecast 

that had (1) a minimum occurrence probability of 70% and (2) a depth that exceeded 1.27 mm 

(Table 3.6). Based on the anticipated runoff volume and the storage capacity of the SCM, the 

RTC would release water through the actuated valve, to provide storage capacity and fully 

capture the incoming eventôs runoff volume. To regulate the water level in the basin, the RTC 

identified the weather status (wet weather, dry weather, pre-event) and controlled the valve based 

on the selected critical water level associated with its weather status (Table 3.7). All the collected 

data were accessible online through OptiRTCôs web dashboard.  

Table 3.6 RTC configurations for weather forecast  

Control parameter Description Value Unit  

Forecast Duration how far into the future to look at the weather forecast 24 hr 

Forecast Buffer (after 

storm event) 

how long after the forecast shows no precipitation, to wait 

before believing it is dry weather 

6 hr 

Forecast Probability The threshold over which to believe forecast precipitation 70 % 

Qualified precipitation Minimum forecasted precipitation that causes the RTC to 

react 

1.27 mm 
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Table 3.7 Description of weather status and critical water levels used for RTC configuration 

Weather status and critical water levels Description 

Wet weather Precipitation is detected by the rain gauge 

Wet weather target water level 
Avoid an increase of water level above this value, during 

wet weather 

Dry weather 
6 hours after no precipitation is detected by the rain 

gauge 

Dry weather target water level Maintain a wet pond at this level, during dry weather 

Pre-event 
An event with a minimum probability of 0.7 and 

minimum depth of 1.27 mm is forecasted 

Pre-event water level 
Limit of drawdown to provide storage capacity for 

incoming event 

 

In this study both SCMs were retrofitted with an actuated valve installed at the 

emergency drain (Figure 3.8). The valve was placed inside the outlet structure of the CSW 

(Figure 3.9), and outside of the outlet structure of the wet pond (Figure 3.10). A perforated 

upturn elbow with a trash rack was placed at the pond side of the drain of both SCMs to prevent 

clogging (Figure 3.10 right). The invert of this elbow was 0.45 m (18 in) higher than the bottom 

of the SCM. This elevation was considered as a failsafe, to prevent complete drainage of the 

SCM in case of system malfunction. The selected RTC configurations that increased retention 

time and selected critical water levels for each SCM are explained in the following paragraphs. 
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Figure 3.8 Outlet structure after the RTC retrofit with closed orifice and an actuated butterfly 

valve installed on the emergency drain, modified from NCDEQ 2018 

 
a 

 
b 

 
c 

 
d 

 
e 

 
f 

Figure 3.9 Real-time control configuration at wetland, solar panel (a), Opti control panel, power 

box, and rain gauge (b), valve actuator (c), butterfly valve (d), water level sensor (e,f)  
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a 

 
b 

Figure 3.10 Real-time control configuration at wet pond, Opti control panel and power box 

connected to a solar panel (left), actuated valve and upturn elbow (right) 

 

 CSW 

Vegetation has a critical role in wetlandsô pollutant removal. Therefore, the retention 

times and critical water levels were selected to maintain the integrity of the plants. Wetland 

plants can tolerate water fluctuations and submergence for short periods, require saturated soil to 

grow and, after maturing, can tolerate further dry and wet conditions (personal conversation with 

Mellow Marsh Farm, Inc. on Feb 19, 2019). Three critical water levels (wet weather target, dry 

weather target, and pre-event) and their descriptions are provided in (Table 3.7). During the 

growth season (Spring), the captured runoff volume was retained for 3 days after which was 

discharged until the normal pool level was reached (orifice level). This provided a saturated 

condition with low submergence to encourage growth. After the plants fully matured (during 

summer and fall), the post-event retention time was maintained at 3 days but, the dry weather 

water level elevated (7.6-cm (3in) above the normal pool level). This modestly elevated dry 

weather water level compensated for water lost through evapotranspiration, which helped avoid 

plant stress during warm dry seasons. After plant senescence in fall/winter, the dry weather target 
























































































































































































