ABSTRACT
MOIN, SHEIDA. Evaluating theBenefits ofNearContinuousMonitoring,Real Time Control,
and SCMVisibility in Performance oBtormwaterControl Measures(Under the direction dr.
Francois Birganénd Dr. William F. Hunt, IlI).

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 pdélakvrates Federal Interagency Stream Restoration
Working Groupl1998. 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 quicklyconveyed 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
importantpart 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 charactesrfsiatsiral
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
growthand (2) changigat t er ns of rainfall frequency and
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%0U4N, 2
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 foioit. Further, SCM designs should



perhaps accommodate for the changing precipitation patiRoseiberg et al., 20L.Currently,
SCMs are sized based on the historic precipitation data. However, a change in rainfall frequency,
intensity and occurrencd more extreme events (Alexander et al., 200@gebbles 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 neantinuous resolution, (2) use of rdghe
control (RTC) technology, (3) and SCM maintenance. Neatinuous water quality sampling
of stormwater can bring further understanding of the pollutant dynamics and identify the portion
of stormwater that caes 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 g tespion
incoming volume (i.e., storm event) and can be applied to vehased SCMs. RTC has proven
useful for optimizing the volume capacity in wastewater and sewer systems (Schitze 2004; Pleau
et al. 2005). Use of RTC on SCMs can both (1) increasestbetion time and thus improve the
water quality treatment, and (2) increase volume capacity to capture entire events. Lastly,
receiving proper maintenance is critical for lelegm performance of SCMs. This study
examines the eff e onitsmmdintemance &A ddidsequentifuadtidn.i | i t vy

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 remrral) 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 potentilyl size reduction.
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CHAPTER 1: USING OPTIC SENSORS FOR NEARCONTINUOUS WATER
QUALITY MONITORING OF STORMWATER RUNOFF
Abstract
Spectrphotaneter sensaiproven to be insightful in different fields of hydrological

researchweretestedfor applicationon a stormwater wetland faearcontinuousvater quality
monitoring.This paper provides methqgdshallengesind uncertainties associated witking
opticsbasedspectrometers for stormwateaterquality monitoring Use ofspectrophotometer
sensors alloedfor samplingat 4minute frequency and sampling 62% of events comprising of
95% of total recorder precipitation voluntghallenge of using spectrophotortees in
stormwatelincluded the generally low concentration ranges for nitrate, and the flashiness of the
hydrology that rended calibration of the instruments difficult. Twodal calibratiormethods
were testedsimple linear regressisi{SLR) and paril least square regressions (PLBR{)ween
concentration valugreported bytheinstrumens andthose from théaboratory The uncertainties
in predicted concentrationguantified in this studyweredue to the regressidype, number as
well as stratifiation or lack thereof, of calibration sampleols In the end, we were able to
show thathe annual loads, using PLSR as the calibration method on stratified samples, could be
estimatedvithin -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) ofemts. SLR modsilfor eventload estimates
presented lower uncertainty ranges, within £10% of the median load among 96% (nitrate), 90%
(DOC) and 59% (TS)f events and within £20% for 86% events (TSHhis article is the first

of this kind reporting these of optic sensors in a stormwater setting and suggests that the



uncertainties on the event loads are a little higher than the ones expectdtbusprgportional
composite samples when used properly. These sensors provide, however, informagon on th
dynamics of nutrient and material export that can be used to better predict the performance of

SCMs.



1.1 Introduction

In situultravioletto visible (UV-Vis) spectrphotaneters have been introduced to field
research inthe 1990s (Ojeda and Rojas, 2009he¥ have been in use for water quality
monitoring in wastewatee(g, Langergraber et al., 200®/u et al. 2006Torres, and Bertrand
Krajewski, 2008, streamsn agricultural watershede(g, Albert et al., 2013Liu et al., 2018,
streams in urbawatershed(e.g, Duan et al., 201Halliday et al., 2016Cizek et al., 2010
tidal wetlandqEtheridge et al., 2013)eservoir(Birgand et al., 2016)and woodchigioreactors
(Maxwell et al. 2019)

Current methods of water quality monitoring in st@rater often involvefiow
proportionalcomposite samplin¢FPCS)thatconsistan compositing into one container,
samples automatically taken at regular flow volume interfralstormwater, flow tends to occur
only during and shortly after rainfall eventt is thus customary to analyze stormwater
hydrology and water quality at the event scAlesuch, FPC® very well suited tgield water
guality information on an event basss it yieldsonerepresentativeampleper event, and the
concentrations of which are referredto asshee nt 6 s mean c oEMCeamthenat i on
be compared across systems or used to calculate pollutant loads.

However FPCS and EMC givao information on pollutant dynamigce.g., in ad out of
a Stormwater Control Measure (SCM), leavirtide opportunity to understand their internal
functioningand/or interpret the observed pollutant remokatomatic samplers that perform
FPCS have the capacity to obtain discrete samples from whicigmbldynamics 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 time3ays), or low resolution over longer perigeigarmel et



al., 2003) and in all casesigh analytical costdepending on the water quality sampling
method, lowresolution data collection can leadhigh error on event load estimaté3h@pter2).

Spectrghotaneters allow monitoring of water pollutacincentrationsit the minute
resolutionscale Thistheoreticallygreatly reduces the measurement uncertainty caused by
standardow frequency samplinge(g.,Birgand et al. 2011)and give the opportunity to provide
new insighs about pollutant dynamic&{rchner et al., 2004Glasgowet al.,2004)and may be
the only possibility to capture those in extreniidghy watershedse(g, urban).

Thespectrophotometdsy S::CAN® measurslight absorbancen the ultravioletto
visible rangg200-730nm) andis advertisd to measurgarametes such asotal organic carbon
(TOC), dissolved organic carbdiOC), total suspended solid$$S, andnitrate (NOz). Using
an absorbancieom the UV to visiblaangeallows measurement of multiple parametevgh
higher accuracy (Van Den Broeke, et al. 200®)e spectro::lyset interpres the absorbance
fingerprint usingsimplified chemometric techniquesnbedded on the situsensor and referred
toasthed Gl o b al Cal i br at i on ontrations. Heveverj loua ¢cakbratpo | | ut ar
usinglocal samples cafargelyincrease the measurement accuracy (Langergraber et al,, 2003
Rieger et al., 20Q6Torres and Bertran®rajewski, 2008 Etheridge et al., 20)3The mentioned
authors suggest, using peipal component analysis (PCA) and partial least square (PLS)
regression to detect the concentration and absorbance relationship.

This paper repostthe use ofthe spectrolyser from S::CANto obtain higkhfrequency
water quality datan an urban watersdeThe djectives of the studwere (1) to evaluate the
benefits andhallenge®f, (2) to develop a methodology fand (3) to evaluate the associate
uncertainty infheuse of in situ spectphotaneters imonsewagestormwater water quality

monitoring.



1.2 Methods

1.2.1 Site description

The selected site was a stormwater wetland located on the campus of North Carolina
State University. The watershed for this wetland &2 ha 30% impervious surfacé€sigure
1.1).

The location proximity of theelectedsitefacilitatedclose observation and frequent
maintenance of monitoring set up and equipmEmé nonitoring period reporteth this paper
covers a periodf 20 monthsin totalfrom Decembe2017 until August 2019Two monitoring

stationswereinstalled at the wetland at the inlet and at the autlet

Figure 1.1 Watershed delineatiofalotted line)and area for the stormwater wetland in research
(highlighted in green)

1.2.2 Monitoring set up
1.2.2.1 Flow Monitoring

At theinlet, a 90degreenvoodenweir was installedto measurdlow. Flow wascalculated
from the stage upstream the weieasured usin@iTeledyne ISCO Bubbldvioduled model 730
at 2minute intervalgFigure 1.2) mounted on a 6712 ISCO Samplat the outlet,flow was

measuredising two complementary systerii$e first one waan area velocity meter,



ATel edICOMEM Moduled model 750mounted on a®BL2 ISCO Sampler andstalled in a
culvert downstream of the water level control structure in the wefkigdre 1.3). A minimum

of 10 cm of water was kept above gensor at all time#\rea velocity meters (AVM) perform
well during high flow, but often fail to obtain accurate measurement at low flows. Hence, to
obtain more accurate flow readingssecond systemas installedThe outlet orifice was
equipped with 80-degree weir box andpressure transduc@dOBO U20L-04E ) to collect
water level readings. The flow measurements obtained from this weir box were used as the
outflow of the system for most of tiséormeventsand for large events hen there was

overflow at the water level control structuaed bypassing the wdbox, AVM data was usetbr

flow calculation.

1.2.2.2 Water Quality Monitoring

Fourminutewater qualitymonitoringwas performed usingpectro::lyses® by
S::CAN® Messtechnik GmbH with optical path length aihnand measuring light absorbance
overthe 200730 nmrange The spectro::lyser probes were fitted with thek::sack automated
brushactivated before each measuremnterirevent blockage of optical path length by debris
and minimize fouling on the opti¢Eigure 1.2, Figure 1.3).

Forlocal calibrationof the spectrometergsjiscrete water quality samplegreobtained
usingain Tel edyne |1 SCO portabl e the2dbaitle soafigupatioa.r mo d e |
For best calibration, it is recommendedtaver the entire range of observed concentration (low
and high valueg)Rieger et al.2006. To sample along as large ancentration range as
possible, thélow proportionalsample triggeringnethodavailable on the ISCO sampler was

used.Theflow proportionalsamping canyield more samples during high flow events,



increasing the chance to obtain concentrations in the upper rangeatalese timedespite

their inherent scarcity.

Figure 1.2 Inlet monitoring set upweir (left), autosampler intake asgectrophotometer
(middle), autosampler argpectrophotometarontrol (right)

Figure 1.3 Outlet monitoring set up control box (left), weir box and présSure trahducer
(middle),spectrophotometdright)

All instruments were powered by 12 volts batteries charged by solar panels, appropriate
for their required powelSpectrophotometgrrobes used in this study often require solar panels
with a higher powe¢100 W)than ISCO auto samplefs0W) due to their high amperage.
1.2.2.3 Sampling protocol

At theinlet, discrete sampdavere taken at every 8.5 cubic meter (36Pusing ISCO
auto samplemodel 6712 with 2bottle configuration. Selection of best pacing to collect
samples in stormwater is oftéonesuch that the majority dhe hydrographbe sampled
(Streckeret al.,2001). However, in this research the objective of sampling was to reggeu

wide arange of pollutant concentrati@as possibl@and specifically samples of high



concentration. Hence, a smaller pacing was selected that did not cover the entire hydrograph but
would collect more samples @t nearthe hydrograph peak.

Discreteabsorbance values of runoff were measured evemndites, usinghe S::CAN
spectrphotaneter. The 4minute time interval was selected based ordtdtastorage capacity of
the device as well as the possible frequency of maintenance. This time intenvabaibr about
4 days of data storage on the device and hence mandatory maintenance after that pkatad for
retrieval Samples were collected frottne site, within 24 hours after the end of a storm event

andstored in a fridgat 4°Cbefore filtration ad delivery for lab analysis

1.2.2.4 Instrument Maintenance

The tasks presentedtimefollowing paragraphsvereperformed at every site visit to
ensure accuracy of collected data and functionality of instruments for future data collection.

Initial maintenance taskacluded, 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 dataecegoimparison of water
guality samples with spectrometry readings, the time stamp of the samaglg@articularly
important and therevas a need to ensure time alignmbatweersensorsAdditionally, at each
site visit, the actual water level was measwateedach station manually and in case of
discrepancies, it waadjustedon the instrument and recorded on field shdatst and outlet
pipes were cleanedat each site visit to avoid accumulation of debpstreanthe weir thatould
haveresuledin false reading of pollutant concentratson

Maintenance ofthe spectrophotometentaikedensuring the cleanliness of path length,
automated brush and lensex followed those described by Etheridge ef26113) The

automated brush was cleaned wd#ionized water andh plastic brush. The process of cleaning



the path length and lenses incldasingwith deionized waterscrubbing withbrushesand
application ofa dilutedacid (HCI5%) with cotton swab#eft on the optics for about a minyge
secondinse withdeionized water anfinally drying of the lenssusingpapertissuesTo
evaluatecleanness of lenses, the cleaning procedasfollowed by an air absorbance
measurementhis task was performedntil the ar absorbance measuremeasuledin a flat
reading of lesshan10 (m1), which is close tair measurement taken initially with the
instrument withdefaultmanufacturer settingThe procedure was repeated until absorbance
values in aiwerewithin the desired range.

In case of alry period longer than-3 weeks, anaintenancsite visit was necessary to
ensurecleamessof the spectrophotometdensedefore an event was forecastgffort was
made forthelenses tdecleanedwithin a weekbefore an event. This was decidedtses
automatedrush scrubbing of the drying optics letitaceson the optics that needed to be
removed.
1.2.3 Calibration of the in situ spectrophotometers

Thespectro::lyseprobe calculates concentratsf pollutantsusing its internal standard
spectral algorithmeferred to ashe@lobal calibratiod Thi s &6 gl obal cal i brat.i
proprietary chemometrics techniques to calculate concentrations from the absorbance spectra.
Our wunder st anlda gl icaltihtartattihen&@ghas been est al
and is therefore very robust, but gives an average corresporizineen light absorbance and
concentrations, which might not exactdtyidnda I
uses parsimonious algorithms to accommodate limited computing capicgits Although the
instrument does provide a tool to adjust the global calibration, many articles report the successful

use of PLSegressior{PLSR)to directly correlate edmrbance spectra with concentrations at a



particular statiorfe.g.,Langergraber et al., 200Rieger et al., 20Q6lorres and Bertrand
Krajewski, 2008 Etheridge et al., 2033

PLSR was used to calibrate the absorbance spectra with collected locaksdingle
pollutant load estimates, resalj from this calibration were then compared with those calculated
usingsimple linear regressioB(R) calibration. SLR method was used to calibrate the
spectrometerds 6gl obal c abampleskhe firsostepforr esul t s w
calibration ofin situspectrophotometarsing PLSR methois selection opropercalibration
samplesRieger et al(2006) identified criteria for local samplesbeused in calibration: (1)
equal distribubn over measured concentration ran@ include temporal variability3) time
alignment ofspectrophotometeeading and samplé4) accuracy of laboratory analysend(5)

higher number of samplés compensate for laboratory errors

1.2.3.1 Discrete SampleSelectionfor spectrophotometercalibrations

Amongthediscrete water quality samples collecteshfeach storm event, only a few
wereselected for laboratory analysighe selection criteria were, (1) time alignment with
spectrophotometeeading, and(2) variability of concentration rand8) uniform distribution
within the concentration rangéndeed the timings for flowproportional sampling was
independent from thgpectrophotometeeadings. Onlyamples collected within a minute thie
spectrophtometerreading werekept To select samples with a variable concentration rehge,
turbidity values calculated heinstrumentwereused asndicatoss of concentration rangd o
ensure uniform representation over the concentration rangéfort was madeto select samples
with higher concentratiortsecause of their inherent scarcity

The selected samples were tipeapared for laboratory analysis. A portion of 3000l

the 900 ml samplayas separated for TSS analysis #merest of the sample wgdiltered to
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obtain 60 ml sampl& analyzefor the rest of the pollutants. Analyzed pollutants inctide
Nitrate (NOs'-N), Ammonium(NH4*-N), Total Dissolved Nitroge(iTDN), Total Suspended
Solids (TSS) Orthophosphate (PO) and Dissolved Organic Carbon (DOSamples were
tested at the Environmental Analysis Laboratory at NC State Univeraitye 1.1 summarizes
the laloratory analysis methods.

Tablel.1 Laboratory analysis methods

Parameter | Analysis Method

NO3' -N Standard Methods 458003-E or EPA Method 353.2

NH4*-N EPA Method 351.2

DOC EPA Method 415.1 with Teledyne Tekmar Apollo 9000, 0.45 pm fi
TSS Standard Methods 2540D or EPA 160.2

POS P Standard Method 456P F or EPA Method 365.1

1.2.3.2 Identification and Removal of Outliersfor PLS regressiors
As previouslymentionedthe accuracy of laboratory analysis and the proper alignment of
lab andspectrophotometeeadings are important for calibratioFherefore, a selection of
owor kabl e sampldedé cwa sn gc raglmisde d moyw a mg Ilthére f or w
was a |l egitimate concern t hat WHiletlsyiscommgrht beco
practice the extreme flashiness of flow and concentrations of stormflow in these upstream urban
and relatively impervious watersheaiddedsome complexity tthe processWe observed
(details below) thatoncentrations often significantly varied within seconds, generating a
possible mismatch between lab and instrument concentrattoers stormwater was physically
sampled and scannausituless than a minutapart
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 concentrat i on s detettiondirits. iSdmpleslidangtbaswarkable y t e st
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sampledor nitrate were also used in PLSR calibration for NFIDN, and phosphat@uitlier
observations were detected as high residuassirhplelinearregressionine between
laboratoryconcentrationsndthose estimated by tlspectrphotanet er 6 s figl ob al cal
Concentrations of nitrat®OC, and TSSoredicted byJV-Vis spectroscopy tend to be robust, as
each of these pollutants have a particular absorbance range. Therefore, a linear relationship
between laboratory artiespectrphotanet er 6 s 6 gl obal cahsi brati ono
expected. The absorbance ranges fonmbationed pollutants are 2280 nm for nitrate
(Crumpton et al., 1992; Suzuki and Kuroda, 1987)-260 nm for DOC (Rochelidlewall and
Fisher, 2002; Saraceno et al., 2009; Fichot and Benner, 2011), and in the visib(@88WE0
nm)for TSS (e.g., Rager et al., 2006; Torres and BertrandKrajewski, 2008).

For each pollutantith spectrophotometeeported concentration (nitraeOC, TSS)
laboratory and reportegspectrophotometaoncentrations were plottedll samples with
residuals to the leasgulare regression lingHochedlinger et al2006)greater thai®.2mg/I
were deemed to be outliges.g.,Figure 1.4). Othercriterion for removing aitlierswassamples
with reported laboratory concentrations belowdbk&ection limit of lab test. Laboratory
detection limitsvere0.1 mg/l for Nitrate and 5 mg/l for TSHowever , t he sensor 0:
measuresurbidity rather than TS herefore, the turbidityf'SS relationship was first identified

and the same outlier detection method was implemented.
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Figure 1.4 Residual values for linear regression maafdhboratoryandspectrophotometer
nitratevalues, all observations (left), without outliers (right)

1.2.3.3 PLSR aalibration

PLSRwas performedi si ng t he fApl s packageo RHMae i k
Team, 2019 PLSR calibration requireasuniform arepresentatioas possiblef lab
concentations(Langergraber et al., 20Q3)ue tothe scarcity of high concentration samples, the
selected workable samples for each constituent were stratified into two bins of low and high
concentrationd.imited number of samples with high concentration valpesvenéduse of
morebins to account for all high values equalljhe number of samples in eastraumwas
selected to bemaller than théotal number of samples in théyh concentration bias the high
concentration bin included the least numbesashples among all binghis enabled simulatian
of variablecalibrationsample pool#n each stratumhencea distribution of regressions and
therefore chemographs, from which uncertainties on events and annual loads were calculated
select the most appropriate number of componentsacn of the PLSIRodek, up to 10
components wermcorporatedor modeltesting Theselectioncriteriawerea number of

components that yietdia model with relatively high Rand relatively low RMS&. These values
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were plotted against the number of components.s€leeted value wathe number of

componentatthe break pointf the RMSE vs componentirve plus ongFigure 1.5).
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Figure 1.5 Example for slectng thenumber of components for PLSR modkistrating the
breakpointncomp = 2)and the final selection choi¢ecomp = 3)

1.2.4 Evaluating uncertaintiesassociated with the continuous water quality sensor

The sources of errors while estimating con
absorbance measurements incliifteiling on the opticsiepresentativenesd the wateiscanned
in sity, the calibration method and thestribution of the manual sample concentrations used to
perform the calibration. As a result, thevereas many estimated chemographs as tivere
calibrations, i.e., theoretically an infinite numpleene the need to quantify measurement
uncertaintiegor a given confidence interval.

Two indicators were used to calculate uncertainties: the annual and the event load
Annual loads were chosen because this indicator is often used to evaluate samplgigssinate
watersheds (e.g., Littlewoo#l992,1995; 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
14



Meybeck, 2005, 2007; Birgand et al., 208610, 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 werecalculated athetrapezoidaintegralof instananeoudoadscalculated from
the measuretivo-minuteflow and fourminute estimated concentration déguation1-1).
Two-minute concentration data were obtained by linear interpolation fromitiia data The
annualand eventoadswere expressed kilogram per hectare.

Equationl1-1
0 02620

L: annualpollutant load (mg)

Qi: instant flow (I/s)

Ci: instant pdiutant concentration (mg/l)
ti: time interval (s)

Instananeousconcentratios used for load calculatismvere estimatedsing three
methods, (1foncentrations calculated internadipd giverby thespectrophotometersing a
global calibration, (2foncentrations calculated usi8§R establishing the correlation between
t he sensor 6wlues with @mmatorgoacenirationsand (3)concentrations
calculated using’LSR establishing a regression betwedasorbance valuesdlaboratory
concentrationsSLR and PLSR models were used(ibhall workable sample§resented as
reference), (2jrom randomly chosestratifiedworkable sampleénudc fewer samplesand(3)
randomly chosennstratified workable samplegth the same size as the stratified sample.pool

Stratification limiedthe number of samples used in regression models butealfowrandom

15



sampling within each stratum. For comgiaitity reasons, the same number of total samples was
also used for random sampling within unstratified workable sanfpbesach stratified and
unstratified calibration poo|200 simulation®f each SLR and PLSR model was performed
each predicting theoncentration and load values.

From the 200 simulations, a distributionabfemographs were obtained, as well as a
distribution of root mean square error (RMSE) and coefficient of determinatfpogRulated
for each regression.

From these, a distributioof annual load valuesasobtained, from which the mean, the
median, standard deviation and 90% confidence interval were extrdsiad.the same
simulated chemographs, a distribution of loa@sobtained 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 motored overl31levents.
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 themite 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 staduitionally, SLR and PLSR methods did
not yield reliable resudtfor parameters other than nitrate, DOC and TSS (details herein), hence

the focus on these three throughout the result section.
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1.3.1 Workable samplesand sample stratification

Tablel.2 andTablel.3 show the esults of lab analysier all the sampleandfor
workable samplegespectively The followingFigure 1.6 visualizes the distribution of these

valuesfor nitrate, DOC and TS®s expectedmostsamples represent the lower range of

concentrationsThe extreme nitrate concentrations were deemed as outliers per explained

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

concentration range of workable samples for nitrate, DOC, and TSS wei@.8711..0720.84,

5.08220 respectively. The concentration ranf¢he workable samplegefinad the range tat

couldreliably be predicted by the regression maglel

Tablel.2 Laboratory analysis resulisr all the tested samples

NO3'-N [ DOC | TSS |[NHs-N| TDN | POSLP
No. of samples 201 201 195 201 201 201
Mean 0.27 7.69 24.99 0.43 1.65 0.17
SD 023 | 422 | 357 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

Tablel1.3 Laboratoryanalysis resultfor workable samples

NOg | DOC | TSS | NHs" | TDN | PORT
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 oflaboratoryconcentrationgmg/l) for all samples (left) and workable
samples (right)

To achieve a&tratifiedrepresentation of concentration range, workable samples for each
pollutant wee divided into two bins of upper and lower concentrations. The dividing
concentratiorwas selected based on the distribution of concentration for workable samples as
0.4, 10, and 30 mgfor nitrate, DOC, and TSfespectivelyTablel.4 shows the resulted bin
sizes, as well as the selected strata Sike.selected size of strata allowed for random sampling

within the upper bin and were similar to those reported by2047). Based on these values, the
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total stratified samples used in PLSR calibration w&dnitrate, 52 for DOC, and 36 for

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

unstratified sampling.

Tablel1.4 Division of concentrations into two bins and selected strata size

NOs' | 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

1.3.2 SLR and PLSR regressiormodels

SLR and PLSRegressioawereperformed on both stratified and unstratified sample

poolsé Ref er ence

r e g r fom all iofahe ungiratifiedworkabld sample®00

stratified/unstratified samplingariation werecreated singrandom sampling of the workable

samples withiradefined limited number of total samples fér nitrate, 52 for DOC, and 36 for

TSS).The resuling regression parameters gneesented iMablel.5, Tablel1.6, Tablel.7, and

Tablel.8.

Tablel.5 Regression parameters (SLR and PLSR) for Nitrate calibration

Regression NOs'-SLR NOs'-PLSR

Sample type Referencg Unstratified| Stratified | Referenceg Unstratified| Stratified
No. of samples 147 48 48 147 48 48
No. of i i 6 6 6
components

Regression

Adjusted R 0.76 0.75+0.05| 0.78 £0.04 0.79 0.83+0.04| 0.85+0.03
(mean + SD)

Residual

Standard Error 0.07 0.072 = 0.075 = 0.06 0.057 0.063
(mg/l) ' 0.006 0.004 ' 0.006 0.005
(mean + SD)
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Some commomwbservations on SLR and PLSR calibration among different pollutants

are: (1) both SLR and PLSR calibration resulted in good fits withjr&ater than 0.75, (2) PLSR

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

R? and lower RMSE, (3) calibration with stratified samples resulted in a better fit for both
models within comparable sample pools.

For nitrate, SLR modes with all workable samplesr reference poatkesulted in R of
0.76. Use ofewersamples in the model, unstratified sample pool, reditiee coefficient of
determinatiorto 0.75 = 0.06. However, use of stratified sampling incrahtee coefficient of
determinatiorto 0.78 + 0.04. This increas can be explained by the better representatigdheof
concentratiomangein stratified sample pooRMSE values, using any sample pool \sasund
0.07 mg/l.Despite the low values of RMSEyegn the range 0.122.87 mg/l and mean 0.29 mg/I
nitrate concentrationg able1.3), this model hadelativelylargerange of erroof 24% of the
mean concentration

PLSR model for nitrate using all workable sampksulted in Rof 0.79. Use of
unstratified sample pool increased the coefficiertatérminatiorto 0.83 + 0.04 and stratified

sample pool improved coefficient détermirationto 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 concentratioRMSE values with PLSR modalere somewhat lower
than SLR modalat 0.06mg/l, whichcorresponded t80% ofthe meanconcentrationThe
PLSR models presented a good fit withiR0.79-0.84 range and RMSE of 0.06 mg/l. However,

the R valuesweresmaller than previous reports on PLSR calibratldn, (2017 Belenky,

2018. Thiscould be due to the lower range of concentration observed in the studied watershed

compared to those studies. Additionally, the range of observed concentrations wertéhéelow
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(s::can Messtechnik GmbH, 2019

of accur at e

Table1.6 Regression parameters (SLR and PLSR) for DOC calibration

me aastwar e me nt s

Regression DOC-SLR DOC-PLSR

Sample type Reference Unstratified| Stratified | Referenceg Unstratified | Stratified
No. of samples 160 52 52 160 52 52

No. of i i i 6 6 6
components

Regression

Adjusted R 0.76 0.75+0.05/ 0.82+0.03) 0.87 0.89£0.03 | 0.91+0.02
(mean = SD)

Residual Standarg

Error (mg/l) 1.97 1.98+0.12| 1.90+0.14 1.45 1.34+0.13| 1.36+0.12
(mean = SD)

Similar to nitratethe SLR model on all DOC workable samplessulted in Rof 0.76.

Use of unstratified sample pool decreased coefficiedetdrminatiorto 0.75+ 0.05 and

stratified sample pool, increased this valu®.82 + 0.03. RMSE values for this model ranged

from 1.971.90 mg/l, while the sample concentration range was-2@84 mg/l with meaof

7.84 mg/l Tablel.3). PLSR moded on the same sample pools resulted in coefficient of

determinatiorof 0.87 using all workable sample&89 + 0.03 using unstratified samples, and

0.91+ 0.02 with stratified sample Use of stratifed samples for calibration, yiedthe best

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

concentration valuesThe goodness of fit for DOC concentrations using PLSR maedsl|

similar tothose ofprevious studiefLin, 2017; Belenky, 2018).

Calibration of turbidity values with laboratory measurements of TSS values gsé@e

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

relationship as a first order linear oftégannouche et al., 201Rigner et al. 20)3r loglinear
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(Packman et al., 1999However, visualization of TSS values vs turbidity resulted from global
calibration, showdotherwise Figure 1.7). Based on thenechanisms of turbidity measurements
with light, it waspossible for turbidity valuet® increase as lower pace as thosé &%
concentrations. Turbidity is measurasthe 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 patrticle. Therefore, a first order linear
relationshp may not alwayspply. Observed data in this study suggestsd@nd order linear or

log transformed linear relationshyetween turbidity and TSS valuesuld be used instead

Outliers were taken out because of the uncertainty on the synchronizatenaaftomatic

measurements with the discrete sampling.

Turbidity i Turbidity

Figure 1.7 TSS laboratory values amsgectrophotometé&rur bi di ty val ues (usin
c al i b rlatialidadan(léft) Neoutlier data(right)

Second degreeop/nomial regressiagresulted 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 thesesahe log transformed linear

regression did not provide as good a fit to describe the turbid§ correlation.
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Tablel.7 Regressiomparameters (SLR) forSScalibration

Regression

TSSSLR (polynomial)

TSSSLR (logtransformed)

Sample type

Reference

Unstratified

Stratified

Reference

Unstratified

Stratified

No. of samples

114

36

36

114

36

36

No. of
components

Regression
Adjusted R
(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
(magll)

(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 skdwest fit with unstratified sample pool

(R?=0.91). PLSR modaiffereda better fit with coefficiestof determination ranging in 0.86

0.95. Similarly, with the same number of components, use of stratified sample poebaifer

better fit with R of 0.95 Both models shoadrelatively large RMSE35-44% of mean

concentration for SLR and 2¥1% for PLSRTable1.8), considering the observed TSS

concentration range &.08220 mg/land mean 26.37 mg/Téable1.3). However, RMSE values

for PLSR modeiverelower.

Tablel.8 RegressiomarametersSLR andPL SR) for TSScalibration

Regression TSSSLR (polynomial) TSSPLSR

Sample type | Referencg Unstratified | Stratified Reference| Unstratified Stratified
No. of 114 36 36 114 36 36
samples

No. of i i ) 6 6 6
components

Regression

Adjusted R 0.88 0.86+0.1 | 0.91+0.3 0.86 0.92+0.05| 0.95+0.01
(mean = SD)

Residual

Standard 10.65 | 9.37+1.63|11.66+1.84 1145 | 7.19+1.43 | 8.27+145
Error (mg/l)

(mean = SD)
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Overall,for all parameters the PLSR model with stratified sampling skdwgher
coefficient of determinatior).84 for nitrate 0.91 for DOC and0.95 for TSS with relatively
smaller RMSE.

Spectrophotometananufacturers suggest use of these sensors for measurement of
Nitrate, DOC, TOC and TSS, however some studies were@aditect other pollutante.g.,
Etheridge at al., 201Birgand et al., 2016; Lin, 20).7Therefore, same method of PLSR
calibration was used with the collected samples on pollutants of Ammonium)(Nldtal
Dissolved Nitrogen (TDN) and Orthophosphat®{P). The Nitrate selection of laboratory
sample used for calibration of these constituents. PLSR Calibration results are prestaibdel in
1.9. Based on these results PL8# not providea good fit to correlate concentration of
Ammonia, TDN andrthophosphate with absorbance spectra. These constituents were not
identified to absorlight, however other studiegereable to estimate those through spectral data
potentially due t@o-variability of the color of watewith the pollutants (Etheridge et al., 2015)

Tablel9PLS regression parameters for NH4+, TDN

NH4"-PLSR | TDN-PLSR | PO '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

1.3.3 Calibration uncertainties

Uncertainties associated with different calibration methods were evaluated based on
annual load as well as event loadThe regression parameters suggested the PLSR model with
stratified sampling as the best fit motiet yielced higher R andrelativelylower RMSE
values The performance of different calibration methedsevaluated through distribution of

load estimates.
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1.3.3.1 Annual loads

General observatiaof annual load estimates for different pollutantye (1)
uncalibrated concentrations obtained directly from the instrunaentted in the highest annual
load estimates, (2) SLR calibrateresulted in higher annual load estimates than PLSR
calibratians, (3) PLSR calibratiosiresulted in largevarianceof load estimateq4) calibration
with stratified sample pool resulted irheher load estimates than the unstratified sample of the
same modekland(5) calibration with stratified sample pool resdlia smallewvarianceof load
estimates than unstratified sample pool for both SLR and PLSR models

Nitrate loads

Without calibration, the annualtrateloads were estimatagp to 32%and 22%greater
than the ongestimated by PLSBnd SLR, respectivelysing stratifiedoools ofsamples. This
highlights the need for calibratioBLR calibration, used a linear regression to adjust the
uncalibrated instrument concentrations to the local sample concentrations. PLSR cadjbration
used the absorbance valued &und 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 unstratifiedalibrationsample pool teretito have more samples in the lower
concentration range than in the higher. The resudtethat for both SLR and PLSR)e mean
load for unstratified pools were lower thémosefor the stratified pool¢Tablel.10).

Additionally, becaus&ithout defining binsunstratified poolfiadhigher sampling possibilities
and variationsthe 90% confidence intervdibr unstratiied pools was higher thahatfor

stratified poolqTable1.10). This suggests, and following Rieger et al. (2006) suggestions, that
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assembling pools of stratifiedrcentration values is preferable. Discussion herein focuses on

results from the stratified pools.

Tablel.10 Annual nitrate load estimates using different calibration methods

NOs' -

Regression Global NOs'-SLR NOs' -PLSR

Sample type Referencq Unstratified | Stratified | Reference Unstratified| Stratified

Mean load 0.835| 0.649 0.648 0.680 | 0.580 0.573 0.626

(kg/halyr)

Relative to

reference load -0.2% 4.8% -1.2% 7.9%

(%)

Median load

(kg/halyn) 0.647 0.680 0.575 0.628
5 -

?ncigvif”f'dence 0.605t0 | 0.66to 0.473to | 0.553 to

(kg/halyn) 0.687 0.698 0.676 0.687
0,

ggn/;)(;lredto -6.5% to | -2.9% to -17.7% to | -11.9%
P +6.2% +2.6% +17.6% to +9.4%

median

Standard

Deviation 0.038 0.012 0.063 0.041

(kg/halyr)
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Figure 1.8 Distribution of nitrate annual load estimagtew its 90% C(between the vertical
dotted lines}through200simulatiors

Regressionndicators of both SLR and PLSR suggest better performance of PLSR versus
SLR.The meandad estimatedrom stratifiedcalibrationsamples wittSLR was 8% greater than
PLSR.Moreover, the uncertainty range for SLR.8% to +26% of the mean loadyasmuch
smaller than that of PLSR1(1.9% to +9.4% of the mean load)lhis 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 betterperice of PLSR vs. SLR
(using the regression indicators as evidence), mayhdnebeen somewhat misleadinghe
observed uncertainty range for PL&&smuch higher than what kheen reported for a coastal
plain strean(x 3%; Lin, 2017)where nitrate cocentrations were about 10 times higher

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

27



Regressions robustness depends inguaithe 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 samgs, giving its robustnesas SLR essentially adjustiusinglinear regression
the global calibratiomo local conditions, it was expected that it be more robust than regressions
derived from less than 50 samples like PLSR in our dds&reforejt is notsurprising that the
uncertainty range for PLSWaslarger than that for SLR.

In the end, it is not clear which of SLdR PLSRshouldbe chosen. One could argue that
the O60referenced PLS regression using adl | 147
should be preferably used because it performs a true local calibration between absorbance and
concentrationgdowever, low concentration valuegreoverrepresentedsigure 1.6), and
thereforecalculatedoadtendedto be underestimatedgualing the mean of loads calculated
from unstratified poolssompared tdoads calculated from stratified pools. Because stratification
definitely is a better method for regression, methods that used stratifiecapopleferredbut
the choicebetween SLR or PLSR na obvious, which admittedly is problematic, especially
since the mean of the loads di#eiby about 8%.

DOC loads

The analysis performed on DOC similarly stealithat annual loads calculated from the
DOC concentrations given by the instrument were largely overestiifte86é) compared to
loads calculated from tharated concentration3he analysis also sh@dthatannualloads
calculated from unstratified pools or using all workable samplegtdnde underestimated by
4 to 5% compared to thosalculatedrom stratified pool§Tablel.11), regardless of the

regression typeSimilar to nitrate, the workable pool of DOC concentrations was skewed
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towards lower concentrations, yielding theame bias resgltompared to stratifiedools.
Unstratified pools also yielded a lot less accurate estimates of annual-ldx@84 to +8.8% of
the median for PLSR, an8.5% to +4.8% of the median for SLR) compared to those using
stratified pools{6.1% to +4.9%of the median for PLSR, anré.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 thertetbods probably results from the fact that
the DOC concentration values used faressions were much higher (1 to 20 mg C/L vs. 0.1 to
0.6 mg N/L) with a twentyfold difference between low and high values (v$ol@ difference for
nitrate). Because the annual load values were much higher, the percentage difference was

calculated to béower.

Tablel1l.11 Annual DOC load estimates using different calibration methods

Regression DOC DOC-SLR DOC-PLSR
Global

Sample type Referencg Unstratified| Stratified | Reference Unstratified| Stratified
Mean load
(kg/halyr) 26.52 18.7 18.67 19.45 18.20 17.91 1928
Relative to
reference load -0.2% 4% -1.6% 4.6%
(%)
Median load
(kg/halyn) 18.75 19.48 18 1933

5 .
?n%:;v(;‘l’”f'dence 175510 | 18.83 t0 16.21t0 | 18.11to
(ka/halyr) 19.64 19.98 19.43 2042

0,
ggrﬁ’ (;'re i 6.4% 10 | -3.3%to 0.9%to | -4.9% to

P +4.7% +2.6% +7.9% +7.2%

median
Standard
Deviation 0.636 0.324 1.053 0.66
(kg/halyr)
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Figure 1.9 Distribution of DOC annual load estimatesd its 90% C(between the vertical
dotted linesthrough200simulatiors
Tablel1l.12 Annual TSS load estimates using different calibration methods
. TSS .
Regression Global TSSSLR (polynomial) TSSPLSR
Sample type Reference Unstratified| Stratified | Reference Unstratified| Stratified
Mean load 56.65|  49.77| 51.77 53.81 | 48.98 46.52 50.82
(kg/halyr)
Relative to
reference load 4% 8.1% -5% 3.8%
(%)
Median load
(kg/halyr) 51.28 53.39 46.36 50.61
5 .
D0% Confidence 44.93t0 | 50.25 to 344210 | 43.37t0
(kg/halyr) 59.54 58.51 57.36 58.48
0 - 0,
o0 rﬁ’pg're i 112.4% to | -5.9% to 25.8%t0 | 5%
0 0 [
median +16.1% +9.6% +23.7% +15 6%
Standard
Deviation 4.77 2.55 6.79 4.92
(kg/halyr)
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Figure 1.10 Distribution of TSSannual load estimatesd its 90% C(between the vertical
dotted lines}through200simulatiors

Based on theegression parameterbable1.8) the SLR model presentéetterfits than
PLSR.SLR model using stratified sampling had a good coefficient of determinatib@lat0.3
and RMSE of 11.46. PLSR model using stratified sampling pressigbdly better regression
parameters with R= 0.95 + 0.1 and RMSE of 8.31 mgHiut at the cost dbad estimation
uncertainties greater thai10%.lt is difficult to definitely choos@®ne method over the other.
1.3.3.2 Event loads

To derive uncertainties at the event scaleta bf 29 events comprising 90% of total
cumulative runoff were selectetihe runoff depth for these events ranged in-R1% mm.
Using PLSRand SLRmodek and random stratified sampling, event Ilsagreestimated for

these events using 200 simulatiofke results ofhesesimulatiors are presented iRigure 1.11
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as mea event load and 90% confidence interval range as well as 90% confidence interval range

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

DOC andTSS
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Using PLSR with stratified sampling, event loadsreestimated for (1) nitrate wilh
+10% uncertainty among 52% of events a8% uncertainty among 83% of events, (2) DOC
within £10% uncertainty among 62% of events aB@% uncertainty among 86% of events, (3)
TSS withn £10% uncertainty among 10% of events a20% uncertainty among 41% of
events Using SLR model with stratified sampling, eviyads were estimateslith a much
better varianceawithin £10% uncertainty among 96% of evefas nitrate within £10%
uncertainty among 90% of everfits DOC andwithin £10% uncertainty among 59% of events
and+20% uncertainty among 86% of evefds TSS

Generally, the uncertainty associated with measurement of smaller waltedsgher.
This was observed ioads estimated by SLR modé&ligure 1.11). However, the load estimates
using PLSR model shaa variation of uncertainty among event loads for all pollutants. This
can be explained by trsensitivity of PLSR model to selection of calibration samples. The
sample slection for a given calibration represents a certain range of concentration that may not
necessarily cover the concentration range observed for an event. In sudheasdibration
mayresult in a higher uncertainfgr load estimated-igure 1.12illustratesthe nitrate
chemograph for an event with concentrations e
calibration as well as SLR and PLSR modéle SLR modehdjusts the results ofabal
calibration concentrations with local sample concentrations. Theréiereurvesesultingfrom
these two methods are similar. The PLSR model solely uses local sampéntrationso
cali brate the spectrophot csuteht ealibtatoniarmhoseor banc e
sensitive to thetratumof local samples used for calibration. In an example calibration showed
in Figure 1.12 compared to global calittian 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.

T — Inflow
304 NO3-Global

— NO3-PLSR L 0.9
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Figure 1.12 Example othydro- and chemograpfor nitrate estimated by global calibration, SLR,
and PLSR models (stratified sampling for modetslent occurred 068/18/2018

The uncertainty associated with event load estimates are higher than uncertainties
associated with annual load estimatéen the explained sensitivity of PLSR model to
calibration samples, a single modehy overestimate an eveahd undereshate another.
Therefore, these values would compensate for each other on an annual calculation ©bloads.
ensure the best calibration on an event basihors suggesbllecion of few discrete samples

per event and evaluah of calibration results #h the laboratory tested concentrations.
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1.3.4 Outlet

Tablel1.13 shows the results of laboratory analydisotlet sampled-igure 1.13
compares the laboratory nitrateo ncent r ati ons and spectrometer 0:¢
global calibrationA similar weak correlation was observed for all pollutants.

Reuvisiting the monitoring installation, the alignment of local samples and
spectrophotometesamples was chahlging. The sampling set up for this station faced limitation
for proper sampling and maintenance accéss.autosampler intake was placed at the pdnd
end of the culvert to obtain proper flow measurements whilsgbetrophotometavas placed at
the otler end, 10 meters apart to allow access for frequent maintenance. Additionally, the culvert
lead to an open lanevhich had created a ponding arBaspite the placement of a weir at the
end of the culvert, thhe was occasional backflow from the pondingeathat could interfere with
thespectrophotometeaneasurements 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
resultswere deemed as the best fithe resulted loads at outlet station are present@&dhie

1.14.
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Tablel.13 Laboratory analysis resultautlet station

NOs/ |DOC |TSS | NH4" | TDN | PQ8T
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 | 457 0 0 0.29 0
Maximum 0.71 | 20.58 | 391.67| 2.66 | 4.65 | 0.93

00 U.‘2 UIJ U.‘IS
NO3

Figure1.13NO31 | ab or atspectyophotenietenreesa saumce ment s (using 0
calibrationo)

Tablel1.14 Annual load estimates at outlet

. ; NOs' -SLR DOC-SLR TSSSLRpoly
Regression| NOs'- PAR Stratified DOC-PAR stratified TSSPAR stratified
Total load 0.150 0.144 20.612 14.312 46.531 136.505
(kg/halyr)

Figure 1.14 shows an example spectrophotometeurbidity measurements, analyzed
TSS samples as well as inflow and outfl®ased on this graph the turbidity measurements were
affected by precipitation, outflow from the system as well as the turbuleltmeing an

outflow.
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Figure 1.14 TSSlaboratory values anspectrophotomterme asur ement s (usi ng
c al i b rskowingdargé 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 settavgsyendered
the description of concentration dynamitificult using the traditionsdutomatecgsampling
method.In situsensorgheoretically present a unique opportunity to as@centration
dynamics over long periods and possibly unveil new knowledge in stormwater research and
application.n situsensors have been widely used in stormwater associateastewater
Treatment Plant and sewage flow (e.g., Torres and Beriaam@wski, 2008; Lepot et al.,
2016). To our knowledge, this is the first time the evaluatian situsensors in nosewage
stormwater flow is reported.

This article suggests that the estimation of concentrations from light absorbance
measurements notparticularly 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

measurabléy 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 amuwas attributed to the stable relationship
between the color matrix of the water and the concentrations. In all theselvasealways was
baseflow, and the processes generating stormflow were thought to be repeatable enough that the
color matrix ofthe water would covary with concentrations. PLSR was thought to be able to
characterize this ewariability. In the case of stormwater in this watershed, thvaisno
baseflow and the processes generating flow could vary radically from a low to hightyntens
rainfall event, rendering a stability of the relationship between the-ow@tnix and
concentration possibly more random. For parameters not known to absorb light such as
ammonium, TDN or phosphate, no robust regressions could be established viRtreRild8nce
of a poor stability of the relationship between the cabatrix and concentrations.

For nitrate, DOC, and TSS, whielbsorblight at known wavelength rangescceptable
correlations were founish our caseHowever, the PLSR method widely usesithe preferred
method to evaluate concentrations from absorbance vabypesred to yield relatively large
uncertainty ranges for nitrate and TSS, for annual and event lead®ferencel,.in (2017)
found that PLSR would yield uncertairay annual lodswithin £3% for nitrate, +5% for DOC
and TSS. For event loads, errors within £5% may be obtaisiad FPCS (See Chap®r

Values reported in this article appear to be much larger than these reféoemitate
and TSSOverall, calibration with PSR model and stratified samples resulted in annual load
estimations with accuracy ef1.9% to +9.4% of the median load for nitrate§.1% to 6.9%for
DOC, and-14.3% to +15.6% for TSS. Load estimationsing PLSR calibrationn an event basis

showed higher uncertainties for some events. Overall, loads were estimated within £10% for
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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 ,raithas+10%of the
median load among6% (nitrate), 90% (DOC) artb% (TSS)of events

PLSR appeato havebesnvery sensitive to the samples used for calibration. For nitrate,
all concentrations were below 0.6 mg/L, leaving a relatively small calibnatiage yielding
relatively large differences betweealibrations. This, added topaobablyrelatively weak
stability of the color matrix/concentration relationshpgy explain the relatively large
uncertainties using PLSR at the annual and eventssédlthe event scale, extremely large
uncertainties were observed for TSS from Ptd&fRved loads, showing again the high
sensitivity of PLSR to the calibration pool. The results for PLSR predicted DOC loads at the
event and annual scadéowedlower uncerainties 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 thanaasfor nitrate and TSS. However, the DOC concentration
values and rages were a lot higher and better stratified ttmse ofitrate and TSS, which
resulted in much lower uncertainties in DOC loads.

However, uncertaintiegported with PLSRvere calculated using regressions made
Oblindly6é. 1 n ot heelabwamplesper evenaand comgparimgitiee predicted
chemograph to lab samples would lead the user to automatically rule out some of the predicted
chemographs, and woupdobably generate much lower uncertaintidss suggests, however
that not one regssion 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 (2@&dhd. This may suggest that in
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a setting where there may be no theoretical reason for a stable color matrix/concentration
relationshipike in suburban stormwater flout might be preferable to rely on a local correction
of the embeddeodddgltdeal adaleirbrhatviing been der.i
and therefore being more robust.

Despite the limitations listed above, the major advantage of havsity sensors for
stormwater water quality monitoring is that the proportion of eventsieptompared to
traditional autesampler based monitoring is much greater. In our 628eof all the rainfall
eventscomprising 95% of recorded volunaeere 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 Conclusiors

Use ofspectrophotometesensos in stormwater settinggdlows for collection éwater
guality samples at high frequency and eliminates the capacity limitation of traditional automated
sampling. Using this methpdater qualitywas monitored fo62% of events, comprising 95% of
total recorder precipitation volume. Water quality wamitored at 4minute frequency which
brought further insight into pollutant dynamics and sampling uncertainties (CBapter

To obtain best monitoring results, proper collection of local samples and maintenance of
in situspectrophotometsis critical. Obtaining good calibration results and water quality data
was critically dependent on (1) monitoring set up, (2) satiplealignment, (3) capturing high
concentration samples and (eticulousmaintenance aspectrophotometanptics.

Considering the flshy 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 acctargedh as time to
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pump baed on the length of suction line or cleaning time before measurerhernbcation of
spectrophotometesensos and intake of autosampler should be placed side byRid2roper
calibration, it is important to capture and use samples with a large arayjnous

concentration range. Extrapolating beyond the concentration range of collected samples is
statistically incorrect andould potentiallyyield unreliable results. Within a given monitoring
time, high concentration of pollutants occurs in fewemstevents. 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, egular maintenarmcof the opticss necessary tensure proper measurements

PLSR and SLR methods were useddalibrating the instrument$he builti n figl ob al
cal i br a tspectroghotamietadnsoexalibrated with SLR modéiave proven to provide
a good estimattor pollutant parameter®? > 0.74) Local calibration of spectianproved the
calibration using SLR model {® 0.75)andPLSR(R? > 0.83) For both SLR and PLSR
model s, use of stratified sampling improved t
lowered the RMSBUsing PLSR method, the absorbance speetn@successfully calibrated for
measurement dfiOs', DOC and TSSs suggesteldy manufacturerhowever PLSR method
could notcalibrate forfurther parameters (Nf, TDN, PQ3 ).

Uncertainty associated with this method was evaluatemimparingcumulative load
estimate®n annual and evebasis Overall, calibration with PLSR nazl and stratified samples
resuledin annual load estimations witklativelyhigh accuracy 0f11.9% to 49.4% for nitrate,-
6.1% to 6.9%for DOC, and-14.3% to +15.6% for TSS.Load estimation on an event basis
showed higher uncertainties for someents 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% (nitrate), 90% (DOC) and 59% (TS&)events.

The higher range of uncertainty on an event baasdue tothe apparentigher
sensitivity of PLSR modslo calibration sampledhis was due to high ragef concentration
change and lower pollutant candration range in stormwater ver@eennialstreams. 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 uncentaghigion of at least one
sampe 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 offeedhigher coefficient of determination, but, higher RMSE values and higher
variability on annual load estimates and higher uncertainty on event load estiMadesising
spectrophotometere nsor s f or stormwater monitoring, the
local SLR calibration might offer more robust resuiowever, saction of the proper PLSR
model can reduce uncertainty associatediwitire modeb. Such selection should be mdue

comparing thealibrationresultswith laboratory tested samplés 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 useghsurec&ndindependenteference
pollutart loads/concentrations from continuous hydand chemographs for their evaluation. In
this study, minute scale discharge and water quality monitored usingsin
spectrophotometer, served as reference data. The latter were numerically subsamplddtto si
and evaluate the sources and magnitude of uncertainty associated w4tht&ioxal 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 majorifynitrate and DOC loads occurred
in the last 66100% of event flow volumelhe identified sources of uncertainbgcluded(1) the
sampling start threshaql@2) the number of samples per event, andtf@percentage of event
sampledOur results suggestdhvery high percentages, i.e., at least §onitrate and DO,
to 95% (for TS of an event should have been sampled to limit systematic bias, respectively
under and overestimatg event loadsThis is a lot more than the previously accepted 60%. Ou
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 (EM@gotioad.
We recommend to prograautomaticsamplers not to take the fishmple. 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 floverval 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 hydrologiatem quality
characteristics. Assessment of their mitigation impact is an important tool for (1) regulatory
evaluation of discharged pollutants from a site, (2) ideingfgnd manaigg potential sources of
pollutants, (3) monitoringhe SCM performancg and (4)or improvemenof SCM design.

Proper assessment of SCM impact, requacesirate measurement of hydrology and water

quality passing throughowever, obtaining accurate water quality measurements are
particularly difficult due to théluctuating 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
measuements 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 optimpbllutant concentration and load estimdtesmg & Harmel,
1998;Stone et al., 2000; Leecaster et al., 20@drmel & King, 2003Maestre& Pitt, 2006; Lee
et al., 2007; Ma et al., 2009; Ackerman et al., 2010; Harmel,é04/0; McCarthy et al., 2018).
Among different sampling methods, flewterval composite sampling is most popular, bad
been assessed yield mostaccurate resultsmongsimost other methodested(Leecaster et al.

200% Lee et al. 2007). While discresampling reveals information on pollutant dynamiath a
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good accuracythe cost associated with it prevents its populdktgrmel & King, 200%. Flow-
interval composite sampling offers a balance between accuracy and sampbr{égdastman et
al., 20D), and allows for longesamplingduration S EPA, 1992 However, this sampling
method does not provide information on pollutant dynanfiicgire 2.1 represents fl@-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.
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Figure 2.1 Graphicalrepresentation of flownterval samplingollected at constant flow volume
intervals and composited in one sampling jar. Each cross represents sampling instances along the
cumulative flow volume curve (green cunagd also the timing of the sampling along the

hydrograph (blue curve)

Despite thepopularity of flowinterval composite sampling compared to other sampling
methodsthis methodas beenshown tosometime®verestimatdoads(e.g.,Stone et a).200Q
Ackerman et al.2010).Nonetheless, sampling guidelines (i.e. US EPA, 1882ton& Pitt,

2003, Streckeret al.,2001; US EPA, 2002) and best practices have been established using this
flow-interval composite sampling (i.e. King & Harmel, 1988gcaster etl., 2001;Harmel &

King, 2003;Maeste & Pitt, 2006; Lee et al., 200Ackerman et al., 20)0These have identified
the main sources of uncertainty, which includet®duration of event sampled, (&)e number

of samples, and (3) the sampling start threshold.
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Figure 2.2 lllustration of the common sources of uncertainties in fiotgrval 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 issimall; 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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2.1.1.1 Duration of event sampled

Guidelines suggest sampling of the entire duration of stonEPA, 1992Maeste &
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 tominimumemphasize
sampling before and during peak flow or asleaver 60% of the duration of the event flow
(Streckeret 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 asumption 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 affecirtime e

concentration estimates (Ackerman et al., 2010).

2.1.1.2 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 samplirigeenastér et al.
2001, Haan, 2002Figure 2.2). Stormwater sampling guidelines offer graphs to select number of
samples, which are based on statistical formulas that calculates this naséeoh error range,
variance of measurement, degree of confidence, and statistical fgwtem(& Pitt, 2001
(page231); US EPA, 2002 (page, Appendix B)). Based on these guidelines, to derive
statistically reasonable conclusions within 20% error, aoefit of variation of 0.5, 95%
confidence, and 80% power, approximately 30 samples should be colBatezh(and Pitt,
2001). Empirical studies show collection of-1B composite samples can result in event mean

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

The first part of a storm oftemashes the accumulated pollutants from urban surfaces,
and maycontain highepollutant concentratiorthan the rest of a storm event (McCarthy et al.,
2018;HvitvedJacobsen et al., 20/1Bitt et al., 2004Eigure 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, 200 et al 2007 as samples may be
more reflective of the first flush rather than the entire ev@algtic, 1998Khan et al. 2006
Lee et al. 200) First flush is defined as the higher pollutant load in the initial part of runoff (Pitt
et al., 2004). Khan et .a2006) have shown that sampling from the first flush may result in a
bias towards overestimation of EMC=e 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 wpriori doubt these guidelines. However, none of them have been
established from measured continuous hydral chemographs. Studies that have evaluated
uncertanties from flowinterval 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 limitétieesaster, et
al. 2001 Harmel & King, 2005; Harmel et al., 2010; McCarthy et al., 2018), or were calculated
from models simulating chemographsr(g & Harmel 2004 Ma et al., 2009Ackerman et al.

2010. While these studies have revealed valuable infaomaack of access tmeasurednd
independenteference loads from continuous hydamd 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 magnitugl within minuteslin situ spectrophotometers offer the possibility to collect
concentration data at a frequency compatible with miacéde changes at an affordable cost of
laboratory testingTorres& BertrandKrajewski, 2008 Etheridge et al., 201.iu et al., 2016
Halliday et al., 2016Birgand et al., 20L,@Maxwell et al. 2019Chapterl). Eliminating the
capacity shortage and the loss of information on water quality dynamics associated with
automated sampling, there theoretically are, withitu spectrophotometers, much fewer limits
on capturing the entirety of an event and on samphintiiple events. Using such sensors thus
eliminates thaincertaintyassociated 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 particuldecause their calibration depends on the sample
calibration pool (details in chapt#), the actual chemograph lies among a suite of computed
chemographs. Therefore, the actual reference chemograph is not known, but the results presented
in chapterl 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 studythe sources and magnitude of uncertainty associated witkiritevwal
composite sampling were evaluated using toeatinuous flow and water quality, called
reference data herein, collected usingrasitu 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, aarding start threshold.
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3- Offer guidelines to minimize the uncertainty associated with the identified three main

sources.
2.2 Methods

2.2.1 Sitedescription

Inlet of a stormwater wetland located on the campus of North Carolina State University
was selected for thstudy.

This wetland was within a watershed®12 hawith 30% impervious surfaces aadatio
wetlandsurface area/drainage area of 1.3%gre 2.3). The watershe consisted of wooded

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

Wetland watershed
—— Inlet watershed
Wetland
= Inlet pipe
@ Inlet station
@ @ Outlet station

T

Figure 2.3 Watershed delineatigjaashed yellow line), portion of the watershed draining to inlet
station (red line)and area for the stormwater wetland in reseérighlighted in green)

2.2.2 Reference data acquisition

Reference data were acquired o2@monthdetweerDecember 201@ndAugust 2019.
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2.2.2.1 Flow reference data

Flow rates and cumulative volume were calculated ugingnutestage data measured
using aTeledyne ISC® Bubbler Modulenstalled upstream a 9flegree weir, itself installed
inside a 12&cm diameter corrugated pip@stream 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 flomerval has been reached, this system
sends a signab the automatic sampler to draw a water sample, then added in one composite jug
where all samples are mixeigure 2.1). In this study, the same system was used to draw flow
interval samples, not to obtain flegroportional composite samples, but to obtain discrete
samples (i.e., one sample per bottle for aimam of 24 samples/bottles per event) later used

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

2.2.2.2 Water Quality Monitoring and Sampling

Water quality was measured usigin situ UV-Vis spectrphotaneter, Spectro::lyser
prodwced by S::CAN Messtechnik GmbH witlinoptical path length of 5mnThe
spectrophotometer sensor was placed behind the weir such that it was submerged in the presence
of flow and collected water quality deag4minuteintervals.Monitored parameters inatied
nitrate (NQ'), total suspended solids (TSS), and dissolved organic carbon (DGI€probe
measures light absorbanoeer the 200730 nmrange.Before each measurement, an automatic
cleaning of the optics was performed usingRuek::sackE scrappe systermfrom the same
manufacturerAdditionally, the spectrophotometer sensor was manually and frequently cleaned
using dilute acid (HC2%) followed by deionized water and to ensure cleanness of lenses and

minimize fouling Ethridge, et al. 2004
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TheS::CAN spectrophotometer collects absorbance and canliertiatao
concentration values usinga bdiltn - igl obal cal i brationo algori t'l
calibrationo algorithm that comes with the in
and the manufacturer recommends local calibration. The literaturesssigiogt best results are
obtained after chemometric calibrations between absorbance data and local concentration values
(Langergraber et al., 200Rieger et al., 20Q6Torres and Bertran#{rajewski, 2008 Etheridge
et al., 2013Chapter 1)For local cabration of spectrphotaneters flow-intervaldiscrete water
quality samples were obtained using Teledyne I3@@table auto sampler model 6712 with 24
bottle configurationgs described abovk is best for calibrationto use a pool of samples
coveiing and equally representinge entire range of observed concentraidow and high
values Rieger et al., 2006High concentrationtend to occur duringigh flowsin stormwater
(Soeur, et al. 1995; Brown, et al. 1995hereforeflow-interval samplingnethod washought
to be besto obtain samples of variable concentratiddstailed description of data collection
and calibration othe spectrgphotaneteris providedin Chapterl. Results showed that the
method provided a range of chemographs slightfgrihg from one another. In this study, it
was assumed that the concentration dynamics were very similar among all predicted
hydrographs, and that any of Intheeendtheoul d be us
concentrations predicted by PLSR modghg stratified sampleserved as reference
chemograph$or nitrate, DOC, and TSS
2.2.3 Simulations of Flow-interval Composite Sampling

The 4minute absorbanederived concentrations were first linearly interpolated to obtain
and align with the 2in flow data.The 2-min concentration and flow dathen serveds the

reference and numerically sampled to simulate flot®rval composite samplingn aper storm
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eventbasis All numerical sampling simulations were performed using the R language (R core
team, 2020).
2.2.3.1 Targeted Storm events

An individual storm event was defined as a rainfall event that medtinllowing at least
6 hours of dry weatheA total of 131 individuaktorm events were recordgdneratingrom 1.2
to 27.6 mmof 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 #aend 29 events that accounted for a cumulative 90% of the total annual

runoff volume were selected for sampling simulations and uncertainty an&liggise(2.4).

; WHWHHNH ]

Runoff Depth (mm)

Figure 2.4 Distribution of runoff depth fothe 29 selectedvents

2.2.3.2 Sampling Volume Capacity

In practice dtaining flowintervalcomposite samples requires a bottle to collect and
composite samples. Therefofer simulationpurposes a 2(ter bottle was assumed as the
maximum volume capacity, collecting samples of 200 mm aliquots. This assumption would
allow for collecting a maxnum of 100 samples per event, such that the results reported herein

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

While the sampling interval defines the flax@lume interval between consecutive
samples, the start threshold in flomterval 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 thdtageazero, a given flowolume, 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., 200Figure 2.5 illustrates two variations of stahreshold for a given
sampling flowintervalof 25 n¥. While the flowinterval is the same, changing the stareshold
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 withirfitise passing of flow interval (i.e. the first

27 v of thestorm inFigure2.5).
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Figure 2.5 Both figures illustrate sampling at 27 fltow interval, while the start threshold on the
left figure is at 5 iand the start threshold on the right figure is at 5 m

To quantify its impact on load and EMC uncertainteesange of start threshold values

were simulated. For this, for each event,gtet periodwas defined as the period between the
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beginning of flow and the time the fleinterval volume was reached. Within tisiart period
and based on the available emtjuality data for each storm event, up to 2@0tingtimes were
randomly selected to correspond to the timing offitise sample For events with less than 200
available water quality data points within start period all available data points weused in
the simulations.

Because the first sample has been shown to sometimes play a disproportional role in the
final flow-weighted concentrations (Maestre & Pitt, 20RBan et al. 2006 Lee et al. 2007
Bach et al., 2010), paired simulations weradwated by inor excluding the first sample in the

computed composite sample concentration for each simulation.

2.2.3.4 Sampling Interval

Each of the storm eventgasnumerically sampled for a range of flamtervals. This
range of intervalsvasreflective 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 48Bl6m?3of runoff(1.1527.42 mm), based on this range
flow-intervals of 30 n¥ (0.01-0.33 mm)at 1n¥ (0.01 mm)increment were selected for
simulatiors.

For each sampling interval, up to 200 simulations were perfboogesponding to the
selection of start thresholdBhis resulted iratotal number of 660 simulation®f flow-
proportional composite sampling, each resulting in one composite saitiplen EMC value for

nitrate, dissolved organic carbon and totapmnded solids.
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2.2.4 Statistical analysis

2.2.4.1 Description of estimators

Studies in stormwater often measure and evaluate water quality in terms of

concentrations and mass loa8srécker et al 20QL). Flow-interval composite sampling gives, at

the evenscale, an estimate of the flemeighted 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 voligadtion2-1) as shown in

Equation2-2 (Strecker et al 20QL; Urbonas, 1994, Lee, et al., 2002).

Equation2-1

Equation2-2

V=B z 0 o
Where:

V: event volume (L)

Qi: InstantaneouBow (L/s) at time stamjp

n: total number of datapoints

o] 0: time interval (s)

0 0006 w
Where:
L: event pollutant load (mg)
EMC: event mean concentrati¢gmg/L)

V: event volume (L)

For each simulation, the deviation from o r

t h ethe éeferencédad &aso n |

calculated as the percentage difference between the estimated and the referengéquatids (
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2-3). For a given sampling interval, up to 200 simulations were rurrgimg a distribution of

errors. The mean, thé'and 9% 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 sinations (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

interpreation of results.

Equation2-3 YQa w®iQb €4 Zp T

2.2.4.2 Reference data
Reference load was calculategised on the-thinute hydrology and water quality dataset,
usingEquation2-4.
Equation2-4 0 B —— 7z 90 0
Where:
L: Event referenceollutant load (mg)
Qi: Instantaneouilow (L/s) at time stamph
Ci: Instantaneous concentratiimg/L) at time stamphi
n: total number of datapoints
0 0: time interval (s)
2.2.4.3 Pollutant dynamic analysis
Pollutant dynamics were analyzed for the 29 events accounting for 90% of the total
cumulative flow over the monitoring periods, ustlignensionless cumulative curve of pollutant

load vs volume (Bertranlrajewski et al., 1998; Lee and Bang 2000; McCarthy 2009).
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In dimensionless cumulative curve load vs. volume method, curves plotted abowe the
to-oneline indicate occurrence of highportion of load earlier and in smaller portion of inflow
volume. Using Equation2-1 and Equation 2-4, cumulative volume and cumulative load were
calculated for each storm at each data pojptThe cumulative values at each data point were
then normalized by diving by the total cumulative vallssgu@gtion2-5; Equation2-6).

B

Equation2-5 W

Equation2-6 0

Additionally, to identify the most polluted part of inflow, the first flush enadilon method
suggested by Bach et al. (2010) was used with modification of evaluating loads instead of
concentrations and normalized cumulative runoff depth instead afioromalized. In this method
normalized cumulative runoff was divided in 5 parts wittrements of 20 percentage points (e.g.
0-20%, 2040%, etc.) and the distribution of and average pollutant loads in each part was evaluated
through box plots.
2.2.4.4 Uncertainty analysis

The error indicators were calculated for each of the 29 events accoiont®@i96 of the
total cumulative flow over the monitoring periods. The error indicators were then compared and
analyzed as a function ¢f) sampling intervals, (2) number of samp@sl whether the first
sample was includednd(3) percent of evergampled The statistical significance of effect of

including the first sample, was tested using pairest
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2.3 Results anddiscussion

2.3.1 Stormwater pollutant dynamics: typical chemographs

The typical relationship between flow and concentrations observadtsated inFigure
2.6. Before each event, the area upstream the weir was carefully emptied such that measured
concentrations would correspond to new water andesadwal 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 vater arriving at the station. These concentrations were quickly diluted with
sizable flow rates of several |l iters per seco
onset of the rising limb of the hydrograph. Nitrate and DOC concentraticthsadjyeincreased
from then until they peaked after the flow peak, and receded to concentrations close to (e.qg.,
nitrate) or about 75% of those of the peak (e.g., DOC) until flow receded completely. The
apparent delay in arrival of dissolved constituenthsas nitrate and DOC seems to suggest that
for this watershed, there was no first flush effect with these constituents.

Conversely, TSS concentrations exhibited a
concentrations were very small at the onset of tlitedgraph, and rapidly increased along with
flow. TSS concentration peak would then occur before the flow peak (as illustrédigdra
2.6), at the flow peak, but sb 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 phemogra
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 chemodg@mpvent with 8.4 mm runoff that
occurred on 08/21/ 2018 showing and apparent o
concentrations with respect to fl owtonsates, an
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2.3.2 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.
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Figure 2.7 Loadvolume curvegleft) and boxplots of normalized mass per portic
of event voluméright) to describe the dynamics of NODOC 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 isxbnin
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 itrate 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 eioeone
line suggesting instantanus 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 eent volume Figure 2.7b; Figure 2.7d). The last 20 percentile of volume (i88-
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 Idadure 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 underestimationtf@se 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 floridere.,
2.6), for fewer, the TSS peaks and flow peaks were generally synchronous (alignment on the
oneto-one line inFigure 2.7e), and in even fewer instances the TSS peak occurred after the flow
peak Figure 2.7e). Such variabily in the relationship of TSS loads and flow volumes was also
reported byMetadier and Bertranlrajewski (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%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 eardf paent could have

resulted in an overestimation of the TSS loads, as also suggested by Lee et al. (2007).

2.3.3 Evaluation of uncertainties associated with flowproportional composite sampling

Comparing the relative error at different sam@lflow intervals suggests that a too high
or a too lowflow-interval can result isignificantrelative errorFigure 2.8 illustrates theelative
errois for nitrate loadwith samplingflow intervalsvarying from 1 to 30 m? fooneparticular
event.Up to 200 simulations were run for each sampling interval, and each point represents the
calculated error for one simulatiohhe erros of load estimates can berdied into 3 sectionf
samplingintervalsasillustratedin Figure 2.8, (1) too lowa samplinglow intervalmay result in
filling the composite bottle before thedenf the event (section 1 Figure 2.8 ; Figure 2.2a) and
in the case of nitta mayresult inan overallunderestimation of loa&l(2)6 desi r abl ed s am
intervals when 100% of the event was sampl ed
generating acceptable errors (5% , sectionPgnre 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 Bigure 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 inteivath dot represents

the relative error that was computed for one simulation. Up to 200 simulations were computed
for a given sampling intgal. 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 Ouncertainty signatu
full but significant uncertainties might come from too few samples when large sampling intervals
were simulated. For large events, largest uncertainties would dimaaed 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 eventttixaas sampled, and drivers of uncertainties were extracted.

2.3.3.1 Uncertainty associated with sampling start thresholdand the first sample

Plotting uncertainties as a function of the number of samples per composite bottle, or as a
function of sampling intents, 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 botlggre 2.9). It is important to remember that for a
given sampling volume interval, the first sample would occur duringttveperiod Results

illustrated inFigure 2.9 suggest that the sample taken during this start period could, for some
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events have a dramatic negative effect on uncertaiitigading the first sample in composite

sampling, increased thelative error of Nitrate load estimatiomainly towards overestimation

especiallyat higher sampling interval§&igure 2.9a) where fewer number of samples were

collecied Figure 2.9b).
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Figure 2.9 Comparing relative error of event loadtimations 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 sampjeer bottle(right) for all studied pollutants

In a few observations, incluso n

of

the first sampl e

resul

nitrate load (negative relative error), these values were observed at different sampling intervals
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(Figure 2.9a) and number of samplesigure 2.9b). Inclusion of the first sampleouldresult in
extreme negative outlier errdicr DOC at collection of angampling intervalKigure 2.9¢) and
number of sampled-{gure 2.9d).

Similar tonitrate and DOC load estimates, presence of the first sample resulted in
extremeoutlier negative relative errors especiatyhigh sampling intervaFHgure 2.9e) where
larger number of samples were collecteay(re 2.9f) for TSS Overall exclusion of the first
sample in composite samplicguldincrease the accuracy of TSS load estimates.

While these results were puzzling, it became important to obsenrvgavisome 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 t
the first flush effect (Khan et al 2006; Lee et al 200Higure 2.10 andFigure 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 illustrategjure 2.11 andFigure 2.13
respectively. The results suggest that excluding the very first sample from the composite bottle
could dramatically reduce tlmuitlier 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 thgeak 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 loa#gg(re 2.11b). Sampling from this portion

74



of the event could have resulted in overestimation of loads, especially at higher sampling

intervals where fewer samples woulddm#iected,and less dilution add 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 numbesamples 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 arastic reduction of uncertainty at high sampling intervals.
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Figure 2.11 Hydrograph of an event with several pealteere 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 TS$igark@.13b).

Sampling within thestart 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 iervals where a smaller portion of event would be sampligdile 2.12a). Similarly,
removal of the first sample from simulation has eliminated these outlier efoadrestimation
(Figure 2.12b).

The discussed examples illustrate uncertainties in estimating TSS loads, but a similar
pattern was also observed for both nitrate @GdC. 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 @se where simulations were performed excluding the first sample.
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2.3.3.2 Uncertainty associated withthe number of samplesper composite bottle

As a reminder, for each simulated combination of event x sampling interval (ranging
from 1 to 30 m3, or 0.00.33 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
illustratedherein. Ech estimate for each simulation for all 29 events ieesgmted 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
coloredline), 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, he relative errodecreased with an increasing number of samples in a
composite bottle. Very few samples per bottle generated largest uncertainties, accompanied with
high variabilityin the uncertainty rangé€igure 2.14). This resultedrom the variable number of

distribution points for less than 10 samples per bottle.
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c
Figure 2.14 Relative error of evean 6 s p twadlestimatian per number of samplescluding
thefirst sample, with gray area representing thep8centile 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
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Based on the®@% cofidence interval criterigfit is possible to derive the minimum
number of samples for which there would be 90% chance for event loads to betddthand
+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, wiid¥ 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 whi¥irof the actual load.

The 90% confidence interval for TSSkigure 2.14 is a bit noisier than for nitrate and
DOC, suggesting thats% accuracynd within 90% confidence interval mighdt be attainable
But this is contingent upon the numlmé samples from which the 90% confidence interval was
calculated. The underlying tendency, however, suggestedi3¥@tccuracyould be reliably
attained for 29 samples (of 29% of the bottle capacity). All these values are based on the premise

that thefirst samplewas excluded.

2.3.3.3 Uncertainty associated withpercentage of event sampled

The last main source of uncertainty illustrateéigure 2.8 occurred when theomposite
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 sampigdre 2.15-left) and illustrated in detail at

higher percentage of event sampled with aggregation at everlfigeée 2.15-right).
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Figure 2.15 Rdative erros of event load estimatioas a function opercent of event sample
aggregated at every 5 % (left column). Tasults 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 evd 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 leasg2.15left). 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 &£fCconstituents with, respectively,

a o6concentration effectd (e.g., Tgwe21l6hr a Odi
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Figure 2.16 lllustration of the overand 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 Figéréctual and apparent EMC

Figure 2.15-right shows the relative errors (grey dots) and the 90% confidence interval
(grey area) calculated from the data availablesall the event x 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 thdtg 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 werestimation of +3% on averagedure 2.15d).
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For TSS, sampling 85% of event would have resulted in load estimates avit20&o
accuracy(Figure 2.15f). Our results show that with the commonly accepted minimum of 60% of
the storm sampledsfreckeret al.,2001), this would, in the case of the studied watershed, lead to
potentially very large errord &ble2.1). The suggested 60% threshold is based on the TSS load
that are thought to often be transported earlier within the evendiasese 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. Gitke 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
reportedremoval rates.

Table2.1 Range, mean, and 90% confidence interval (Cl) of relative error at each percent event
sampledi.e., percentage of total inflow volume sampled)

Pollutant Error Percent Error foPercent Event Sampled
range 50% 60% 70% 80% 90% 100%
total
range $7 +15| $3 0 |6 +10| K1 +8 $ +12 ¥ +8
NO3 |o0%cCl| 86 +6 | 82 0 | 22 +5 | 2 0 | 7 +6 | $ +5
mean 21 14 $B $ q 1
total

ange | 72 81| PO A | P4 O | 47 12| P +16 | 4 +17
DOC g0 cCl| 88 14| 928 49| £2 0 |41 +11| £ +12 | 0 +13
mean £6 416 13 B S S

total

range | 10 +70|P5 +54| +4 450 | 5 +28 | $4 +25 | $6 +18
TSS |o0%wcCl| p +65 | $5 +33| +8 +40| 4 +22 | B +11 | 0 +6

mean 27 24 32 11 3 2
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2.3.3.4 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 samplingtéiovals 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 (x10%) 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 studiedstete, 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 thes iemu be
calculated usingquation2-7. The siteds runoff volume for a

based on the size and imperviousness of watershed and théthzewent.

z

Equation2-7 YOarn atREOCMI &
To select a samplinigterval 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 runafblume 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 udtiogiation2-7 (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)
usingEquation2-7. 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 compsite 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  thgpbeach 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 assgksther 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 a2 8quare kilometers with 30%

impervious surfaces was studied. Water quality monitoring was performednisiatg scale
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flow and water quality data, using amsitu spectrgphotaneterfor the latter Use ofthe
spectrometer eliminated the limited sampling capacity issue of autosampler and allowed for
high-frequency water quality sampling. Usitige spectrgphotaneter, 68% of events were
sampledduring monitoring period of 20 monthEhe resuktd high resolution chemograglvere
numericallysampled to simulate floamterval composite samplingheasure the uncertainties
associated witlthis sampling methodand derive additional guidelines for stormwater sampling
Flow-interval composite samplingethod 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 wire $ampling
startthreshold (2) thenumber of samplesompositecoer event, and (3he percentage of event
flow volumesampled.

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)aBed 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 he 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 loastimation a large portion of a storm evardlumeshould be
sampledalong with a rpresentative number of sampl&xhaustion of autosampler
capacity early within an evemtould result insystematiainderestimation ofonstituents

exhibiting dilution effects (e.g., dissolved constituents sudlitaate and DO¢and
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overestimation oforstituents exhibiting concentration effects (e.g., particulates and
particulate bounds constituents such as T$8pbtain accurate measurement of Nitrate
and DOC within £5% range and with 90% confidence interval, at least 85% of an event
should be sampledMeasurement 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 withi®%, less thar25% of the bottle capacity is
enough for dissolved constituents like nitrate and DOC, and 30% for particulate
constituents like TSS. To obtain uncertainties wittili@%, less than 15% and 20% of
thebottle 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 basad sampling capacity armqtedictedamount of runoff.
Amount of runoff can be estimated through watershed characteristics and historical rainfall data.
To decide on a sampling flemterval 3 factors should be considered: (1) the smallest event size
to be sapled shouldesult in a composite bottle filled to about at least 20% of its val({@)e
the | argest event size to be sampled shoul d
weather forecast should be monitored and in case of extreme evefitsytirgerval should be
adjusted accordinglyOperators could also use our results to assess the chances for significant
errors. In particulaiwe suggesit is best to report the percentage of event sampled as well as the
number of samples per eventacount 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

Reattime control (RTC) of stormwater control measures (SCddn 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 precipitatiopatterns and unprecedented extreme evdihis. research, in
collaboration with OptiRTC, examines the performance of RTC aorstructedstormwater
wetland(CSW)and a wet pond in North Carolina. These two S@bseretrofitted with RTGn
predictive moe, with performancebeing evaluated by comparinigydrology andwater quality
before and after the retrofRTC implementation increased the number of no outflow events for
smaller storms (accounting for less than 16% of total inflow volume) while inogets number
of higher volume events. Cumulative volume reduction of both SCMs remained the saar&pre
postr et r of i t . RTC underestimated the incoming e
the CSW and 65% at the wet pond, resulting in ietient overflow. Mean peak outflow rates
remained fairly the same. Retention time pestofit (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 pollutanreduction pre et r of i t . Water quality result.
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, DO@C&heP

respectively.
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3.1 Introduction

Urbanization and expansion of impervious surfaces has led to increased runoff aotime
flooding (Leopold 1973Hollis 1975, peak flow (Leopold 1973; Leopold 1994ennings and
Jarnagin 2002), and pollutant loads (Trim®1; 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 thragh the retention of runoff and slow release of it (MDE 2009; PADEP 2006).
This slow discharge of water is normally passivedieased through an orifice in the outlet
structure and is driven by intevent water level pressure hedCOEQ 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 prbrig retention time for water
quality treatmentNCDEQ 2018. Research shows that increase in retention time can improve
water quality (Papa et al. 1999molek et al. 2005by (1) encouraging sedimentation and
concomitant removal of phosphorus and heaeyals with fine particledettersson 2002; Vaze &
Chiew 2003, (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 retentoin 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 SCM6s capacity to captaiveeutflewu bsequ
potentially increases the retention time without sacrificing the hydraulic capacity of the SCM

(Marsalek 2005; Gaborit et al. 2016).
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\

XN .| Emergency Drain

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 amader 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 wheshefireed 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 approaehyater level in the
SCM is monitored to calculate the available storage capacity for the predicted eventimeeal
and, if required, advanced release of some water to provide more capacity (Gaborit et al. 2016;
Kerkez, et al. 2016 Active outflow haseen studied and implemented under different names
such as active control, dynamic control, adaptively controlledtirealcontrol (RTC), and
continuous monitoring and adaptive control (CMAC).

RTC has been widely used in management of wastewater arfminezhsewer systems
(Schitze 2004; Pleau et al. 20@inson& Vitasovic 2006). The use of RTC in stormwater

management has been gaining attention dpetential hydrologic andater quality benefits
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resulting from the increased storage capacity. Sautkes 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 erkez, et al. 201,8_efkowitz, et al. 2016Shishegar et al. 2018).

SCM size is based on théstoric precipitation data. However, studies suggest rainfall frequency

and intensity are changing (Alexander et al., 2006; Kunkel et al., R@h8lon et

al., 2014 Mann et al.2017 Wuebbles et al. 20}.7Perhaps SCM design should account for this

change Rosenberg et al., 20fDActivec ont r o | outfl ow has the poten

capacity without changing the SCMb6s size.
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Table3.1 Summary of studies on the active outflow, including SCM type and location, method
of comparison, and duration of the study

SCM Author/s Location Method Study Duration
type
Wet Muschalla et al.,| Quebec Passivesite monitoring | 2 months (JulAug 2008)
retention | 2014 City, Active-simulation
pond Canada
Strauss and Montgomery| Passiveconventional 11 months (JaiNov 2016)
Lefkowitz, County, data 5 events
2017 MD Active-site monitoring
Gilpin and Travis Passivesite monitoring | 8 months (MaiOct 2013)
Barrett., county, * 10 events (2 paired)
2014 X Active-site monitoring
Dry Gaborit et al., Quebec Passivesite monitoring| 6 consecutive summers
detention | 2013 City, Active-simulation (2010)
pond Canada
Middleton and | Austin, Passiveconventional 10 months (JuMay 2006)
Barrett, X data 13 events
2008 Active-site monitoring
Jacopin et al., France Passivesite monitoring | 1 year
2001 * 8 events
Active-site monitoring
Marchese, Beckley, Passivesimulation 6 months
2018 wv Active-site monitoring
Carpenter et al., | Quebec Passivesite monitoring | 6 consecutive summers
2013 City, * (2010)
Canada Active-site monitoring | 15 events
Schmitt et al., Blacksburg, | Passivesimulation 15 years of precipitation dat
2020 VA Active-simulation
Bilodeau et al., | Quebec Passivesimulation 6 months
2018 City, Active-simulation 4 events
Canada
Rainwater| Gee and Hunt, | Craven Passivesitemonitoring | Passivel5months, 90 event;
harvesting| 2016 county, * Active-14 months, 51 eventj
NC Active-site monitoring
Roman et al., New York Passiveconventional | 10 years of precipitation dat
2017 City, data 652 events
NY Active-simulation
Gl Lewellyn and Villanova, Passivesite and 2 years
treatment | Wadzuk, PA simulation 201 events
train 2017 Active-site and
simulation

*Passive and active control studies on two different sites

Active outflow has been evaluated for different SGides such as dry pondagopin et

al., 2001 Middleton and Barrett, 20Q0&arpenter et al., 201&aborit et al., 201,Bilodeau et
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al., 2018 Marchese, 2018Schmitt et al. 2020), wet pondSi(pin and Barrett., 201Muschalla

et al., 2014 Strauss and Lefkowitz, 20}, #ainwater harvestingdee and Hunt, 201&®oman et

al., 2017, and a treatment train of different SCMeellyn and Wadzuk, 20)7Table3.1

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 cotitrolgh both simulation or pilot
studies, and all have suggested improved volume reduction, peak attenliahie3.@), and

pollutant removal efficiencyT@able3.3) with the use of active outflow. Wet poifacused

studies have suggested flow peak attenuation of H3s¢halla et al., 20)4and volume

reductions of 67%Strauss antlefkowitz, 2017. However, neither study reported expected
performance, had the ponds been passively controlled. Wet pond studies further reported TSS
removal efficiency would improve by8% (Muschalla et al., 209413 16% (Strauss and
Lefkowitz, 2017, and 27% Gilpin and Barrett., 2014l able3.3) with implementation of RTC.
Nitrate-nitrite could improve as well 32% (Strauss and Lefkowitz, 20191 94% Gilpin and
Barrett., 201, Table3.3). In these studies water quality improved even with different retention
times associated with different RTC configurations. Tested RTC configurations inclutedi24
retention time Gilpin and Barrett., 200448 hour retention timeStrauss and Lefkowitz, 2017

and maximum retention time unless exceeding 80% of the aquatic life span of mosquitoes
(Muschalla et al., 2094 The limited number of observed events (<5) is a shortcoming of these

studies Table3.1).
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Table3.2 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% pealattenuation

Strauss and Lefkowitz,
2017

Increased retention time from 2
hr to 48 hr

67% volume reduction

Jacopin et al., 2001

On/off system set to zero
outflow during rain

Increased max storage capacity
sitel: 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 moderd
events, (return period < 2 years)
Maintained or increased peak flow fo
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% pealattenuation

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 trai

33% overflow volumeeduction

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 evaluatedcttemp any 6 s propri et
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) igiag suggestions for the future design of

these SCMs visrvis RTC to optimize performance. This study is the first to evaluate the RTC

on a stormwater wetland.
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Table3.3 Summary of water quality benefit§ active outflow reported in the literature

Author/s Configuration Removal Removalactive
passive
Muschalla et al., 2014 | Maximum retention time unles| 68.586.0 % additional 812%
exceeding 80% of the aquatic | TSS TSS removal

life span of mosquitos
Strauss and Lefkowitz, | Increased retention time from | 20-36% NO3 28-68% NO3N

2017 24 hr. to 48 hr. N 53-88% TSS
40-72% TSS

Gilpin and Barrett., 2014| 24 hr. retention 39% E.coli 88% E.coli
0% NO3N 94% NO3N
71% TSS 98% TSS

Gaboritet al., 2013 Max detention time, avoid 46% TSS 90% TSS

overflow, slow drawdown, limit
retention to 34 days to avoid

mosquitos.
Middleton and Barrett, | 12 hr. retention time, 12 hr. 75% TSS 91% TSS
2008 drawdown time conventional 58% NO3N, NOZ~N
removals were | 35% TKN
lower than 55% T-Copper
active outflow | 69% T-Lead
results 62% T-Zinc
34% COD
52% TP
Jacopin et al., 2001 On/off system set to zero 6% TSS 1 47% TSS 1
outflow during rain 14% TSS 2 57% TSS 2
Marchese, 2018 48 hr. retention time, 1B8r. 0% TN* 31% TN
drawdown time 0% TP* 48% TP
No outflow during an event, | 0% TSS* 62% TSS
unless to avoid overflow.
Carpenter et al., 2013 Max detention time, avoid 39% TSS 90%TSS
negative effects of overflow | 10% NH3N 84% NH3N
and particle resuspension 20% Zinc 42% Zinc

*These low removal values are potentially due to the reported low residence time (1hr) for the
simulated passive control.

3.2 Methods

3.2.1 Site description
A wet pond and constructetiormwater wetlan@CSW)located on th&C Statecampus
were selected for instrumentation and monitorifhgble3.4). The CSW treated runoff from a

9.12ha, 30% impervious watershed that drained a wooded area, rooftogadpedand roadway
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(Table3.2). The CSW surface area at permanent pool elevation was 0.13ha, with a forebay
comprising ~13% of this area. The outlet structure was-anls@uare riser with a 5@m

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 Bidarg 3.9d).

Table3.4 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

Wooded area, rooftop, Rooftop, parking lot,
Watershed land use landscape, road landscape
Watershed impervioushess (%) 30 83
Permanent pool surface area (ha) | 0.13 0.05
Forebay area (fn 157 93
Storage volume giermanent pool
elevation (m) 408 437
Storage volume at temporary pool
elevation (m) 1158 760
Temporary pool depth (m) 0.53 0.52

1.6 m square riser decreasil

Outlet structure 1.7 m square riser 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 &, 83% impervious watershed that drained a
rooftop, parking lot, and landscagedure3.3). 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 @askrough a CSW before entering the pond
(Figure3.3). The pond surface area at permanent pool elevation was 0.05ha, with a forebay
comprising ~20% ofhis area. The outlet structure was arh.6quare riser gradually decreasing
to 1-m at the top with a 2hm diameter drawdown orifice located 520mm below the overflow
weir. The emergency drain was a I8@n diameter orifice with a valve placed at the psiug

(Table3.16b).
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Watershed
Wet pond
Upland Swale
@ Upland Wetland
— Underground conveyance pipe
@ Main inlet station
® Secondary inlet station
@ Outlet Station

Figure 3.3 Watershed delineation (dotted line) and surface area of the wet pond (highlighted in
green), including the upland pteeatment SCMs

3.2.2 Flow and water quality monitoring
3.22.1 CSW

Flow and water quality of the wetland were monitored for 12 months (December 2017
December 2018), and the effect of RTC retrofit was monitored for 7 months (JarAuagyst
2019). Inflow passed through an underground-hn6@rrugated reinforced concrete pipe (RCP;
Figure 3.2). A 90°V-notchwooden weir was placed at the entry of this pipe, and flow rate was
calculated using the upstream flow depth usifigiae | e d y@RubblerSModé 6 mo d e |
730, at 2minute intervalsmounted on a 6712 ISCO as#mpler Figure 3.4). Data were
collected on Zminute intervalsAt the outlettheflow ratewascalculatedusing two
complementary methods. Flow depth and velocity were first measured using an area velocity
mete AVM)AiTel edyne | SCO AV Mmbotddwh &6312i86Ad el 750

autosampler, placed at the entry of ai®.@liameter outlet RCP. The AVM was placed in the
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0.91m RCP outlet pipe. Secondly, low flow depths were again measured using a pressure
transduceHOBO U20L-04E ) placed inside a 22.5%motch wooden weir box installed at the
outlet orifice Figure 3.5). AVM s ideally measure higher flomsut often fail to accately

measure low flowgalso observed byliddleton and Barrett, 2008Thus, the need fgrressure
transducemeasured low flowsPressure transducer flow measurement was only employed pre
retrofit, because once the SCM was retrofitted, the outlet ®nfers 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 configurationweir (left), autosampler intake and spectrometer
(middle), autosampler and spectrophotometer control (right)

a b | - e

Figure 3.5 Outlet monitoring configuration weir box and pressure transducer (left),
spectrophotometer (middle), autosampler box (right)

Water quality was measuredl 4minute intervalaisingin-situ UV-Vis

spectrghotaneter, Spectro::lyser UV produced by S::CAMesstechnik GmbH withnoptical

103



path length of 5mnand measuring light absorbance over the- 280 nm rangeThese sensors
allowed for water quality monitoring of any size event. Therefore, water quality was obtained for
all events with a minimum of 1 mnainfall. Toprevent blockage of optical path length by

debris and minimize fouling on the optics, the spectro::lyser probes were fitted with the

f wck::sack automated brusffrom 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%:}l{ridge, et al. 2(3). At the iret, the
spectrophotometer was placed behind the weir beside the ISCO intake such that it was
submerged in presence of flomg@ure 3.4b). At the outlet the spectroplomheter was placed at

the end of the outlet pipe for maintenance access purposes, behind a broad credtaglveeir (
3.5h).

For local calibration othe spectrometersliscrete water quality samples were obtained
usinga Teledyne ISCO portableutosamplemodel 6712 withthe 24-bottle configurationFor
best calibration, it is recommendedctaver the entire range of obsenamhcentrationglow and
high values) (Riegeet al., 2006)To sample along as large a concentration range as possible, a
focus was made to obtain samples at high peak flows. A detktexliption of
spectrophotometer operation, selection of local samples for calibratidrcalibratiorprocess
were presertd in Chaptel.

The water quality samples were collected from the site, within 24 hours of the previous
event s conclusion. Samples were transferred
the project site. From theliter discrete sanple bottle, a 300nL plastic bottle was filled for
total suspended solids (TSS) analysis, and the rest of the sample was filtered twice through a

12pum and a 0.22um Fisher Scientific® filter into a®Q glass bottle to analyze the remaining

104



pollutants Analyzed pollutants includeNitrate (NG'-N), Ammonium (NH*-N), Total
Dissolved Nitrogen (TDN), Total Suspended Solids (TSS), Orthophosphai&)(Rad
Dissolved Organic Carbon (DOC). Samples were tested at the Environmental Analysis
Laboratory at NC State Universjtysing the analysis methods provided able3.5. 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 Nétifate
N andPQs® 'P through spectral dataotentially due tao-variability of the color of watewith
thepollutants (Etheridge et al., 201BIthough, in this research, suchcariability was not
observed (Chaptel), and those pollutants were not included in the data anaf\fkisstruments
were powered by 12olts batteries charged by solar parf@@wW for the ISCO and 100W for the
spectrophotometer)

Table3.5 Laboratory analysis methods

Parameter | Analysis Method

NOs'-N Standard Methods 458003-E or EPAMethod 353.2

NH;"-N EPA Method 351.2

DOC EPA Method 415.1 with Teledyne Tekmar Apollo 9000, 0.45 pm filter
TSS Standard Methods 2540D or EPA 160.2

PQ2 P Standard Method 450B F or EPA Method 365.1

3.2.2.2 Wet pond

Due to delays in selecting the weind, the preetrofit monitoring period was shorter
than that of the CSW. Flow and water quality of the wet pond were monitored for approximately
three months (October 20&nuary 2019). During petrofit monitoring, the RTC system was
installed. The #ect of this retrofit was monitored for 8 months (Januatygust 2019).
Monitoring stations were installed at the two inlets and the outlet. A-@@tch wooden weir

was placed at the entry of the @6RCP discharging the main inflowigure 3.6 left). At the
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outlet, a compound weir (3&m tall, 45° vnotch lower portion and 6&dm wide rectangular

upper portion) was placed inside the ousketicture and before the outlet pipe, covered from the
top with a baffle to direct the overflow behind this wéirgure 3.7). At the main inlet and the

outlet, flow ate was calculated by measuring the water level just upstream of the weir by
Teledyne ISC@®@ Bubbler Modué model 730mounted on a 6712 ISCO autosampler. Secondary
inflow passed through a 0.46 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 transd(lH&BO U20L-04E ; Figure 3.6 b). All water level data

was collected on-ninute intervals.

Water quality was collected as flow proportional composite samples using the ISCO
autosampler with a 2lxer 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 reglting in load estimation with a +20% error range (Chaptewithin 24 hours of an
event 6s cessation, the composite sample was

the project site, treated, and analyzed using the same procedures expldieeCSW section.
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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)]

Baffle Roof

| < Bubblérhead
R ISCO intake
Orifice .9‘

[ ]

o

Figure 3.7 Monitoring set umat the outlet: a composite weir covered by a baffle to direct
overflow behind the weir

3.2.3 Reaktime control set up and configuration

The realtime control system used in this study was the proprietary package, OptiNimbus
offered by OptiRTC, Inc. This systemcdludes a water level sensor (Levelgage, Keller America
Inc), a rain gauge, an electronically actuated butterfly valve (P series, ProMation Engineering,
Il nc), solar power kit (24V), and a control

based softrare (OptiNimbus) through cellular datéiqure 3.9, Figure 3.10). Using the dsign
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plans and a land survey of each SCM, a stigege relationship was developéaljle3.4).

The water level sensor submerged in the pond collected the stage data, which was calibrated

using manual site measuremeriig(ire 3.9 e,f). Using this information, the RTC system

calculated the storage capacity of the SCM in-tiea. The RTC system was studied in

predictive mode. Therefore, the precipitation forecast obtained from the National Weather

Service, coupled with watershed characterisiieble3.4) was used by the RTC to calculate the
incoming runoff volume. The RTC was configured to respond tcl@o24dprecipitation forecast

that had (1) a minimum occurrence probability of 70% and (2) a depth that exceeded 1.27 mm
(Table3.6). Based on the anticipated runoff volunmeldhe storage capacity of the SCM, the

RTC would release water through the actuated valve, to provide storage capacity and fully
capture the incoming eventdés runoff volume. T
identified the weather status étwveather, dry weather, pesent) and controlled the valve based

on the selected critical water level associated with its weather statoie8.7). All the collectel

data were accessible online through Opti RTCO6s

Table3.6 RTC configurations for weather forecast

Control parameter Description Value | Unit

Forecast Duration how far into the future tok at the weather forecast 24 hr

Forecast Buffer (after| how long after the forecast shows no precipitation, to wai 6 hr

storm event) before believing it is dry weather

Forecast Probability | The threshold over which to believe forecast precipitatior] 70 %

Quialified precipitation| Minimum forecasted precipitation that causes the RTC tqd 1.27 mm
react
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Table3.7 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

Avoid an increase ofvater level above this value, durin
wet weather

6 hours after no precipitation is detected by the rain
gauge

Wet weather target water level

Dry weather

Dry weather target water level Maintain a wet pond at this level, during dry weather

An event with a minimunprobability of 0.7 and
minimum depth of 1.27 mm is forecasted

Limit of drawdown to provide storage capacity for
incoming event

Preevent

Preevent water level

In this study both SCMs were retrofitted with an actuated valve installed at the
emergency drainF{gure 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 péiguie 3.10). A perforated
upturn elbow with a trash rack was placed at the pond side of the drain &®idhto prevent
clogging Figure 3.10right). The invert of this elbow was 0.45 m (18 in) higher than the bottom
of the SCM. This elevation was considered as a failsa 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

d o e
Figure 3.9 Realttime 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 Reattime control configuration at wet pond, Opti control panel and power box
connected to a solar panel (left), actuated valve and upturn elbow (right)

3.23.1 CSW

Vegetation has a critical rolewme t | @alldast@emoval. Thereforéie retention
times and critical water levels were selected to maintain the integrity of the plaattand
plantscan toleratevater fluctuatios andsubmergncefor shortperiods require saturated soil to
grow and aftermaturing can tolerate further drgnd wetconditions(personal conversation with
Mellow Marsh Farm, Inc. on Feb 19, 201%hree critical water levels (wet weather target, dry
weather target, and pevent) and their descriptions are providedTial{le3.7). 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 (orif\e&)leThis provided a saturated
condition with low submergence to encourage growth. After the plants fully matured (during
summer and fall), the pestvent retention time was maintained at 3 days but, the dry weather
water level elevated (7-ém (3in) aboe 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
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