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The uncertainty associated with discharge measurement in storm sewer systems is of fundamental
importance for hydrologic/hydraulic model calibration and pollutant load estimation, although it is dif-
ficult to determine as field benchmarks are generally impractical. This study benchmarks discharge
uncertainty in several commonly used sensors by laboratory flume testing with and without a woody
debris model. The sensors are then installed in a field location where laboratory benchmarked uncer-
tainty is applied to field measurements. Combined depth and velocity uncertainty from the laboratory
ranged from ±0.207–0.710 in., and ±0.176–0.631 fps respectively, and when propagated and applied to
discharge estimation in the field, resulted in field discharge uncertainties of between 13% and 256% of
the observation. Average daily volume calculation based on these observations had uncertainties of
between 58% and 99% of the estimated value, and the uncertainty bounds of storm flow volume and peak
flow for nine storm events constituted between 31–84%, and 13–48% of the estimated value respectively.
Subsequently, the implications of these observational uncertainties for stormwater best-management
practice evaluation, hydrologic modeling, and Total Maximum Daily Load development are considered.

� 2016 Elsevier B.V. All rights reserved.
1. Introduction

The value of accurate discharge measurements in urban storm
sewer systems was first recognized as rudimentary flood gaging
stations appeared in, and upstream of urban areas in the 1970s
(Owen, 1979), but has since multiplied with the inclusion of water
quality management in the stormwater paradigm (Roy et al.,
2008). Discharge measurements paired with constituent concen-
tration data allows for the estimation of pollutant loads, now reg-
ulated in many urban areas by the intersection of the National
Pollutant Discharge Elimination System’s (NPDES), Municipal
Separate Storm Sewer System (MS4) program and the Total Maxi-
mum Daily Load (TMDL) program (Sections 402 and 303 of the
Clean Water Act, respectively). Stormwater managers must now
show that their localities are reducing pollutant runoff to achieve
limits called Waste Load Allocations (WLAs), and though discharge
measurement is necessary for pollutant load estimation, explicit
requirements for discharge monitoring are absent from the MS4
and TMDL programs, and the regulation of discharge as a pollutant
unto itself was prohibited by the U.S. District Court of Virginia
(VDOT v. USEPA, 2013).

As the current regulatory environment does not require dis-
charge monitoring, and may even disincentivize it (Wagner,
2005), only a small proportion of approximately 7000 regulated
MS4 entities (USEPA, 2014) monitor discharge. Nevertheless, there
are certain localities that have developed monitoring programs
either through relationships with the USGS (e.g. Hoogestraat,
2015; Jastram, 2014; Storms et al., 2015), as a department of the
local or regional government (e.g. City of Austin, 2009), or as con-
sulting contracts (e.g. Gauron, 2015).

The literature provides thorough guidance on the measurement
of discharge in open channels (Turnipseed and Sauer, 2010; USBR,
2001; WMO, 2010), but MS4 permits ascribe the water quality
effects of urban stormwater to the underground system’s terminal
pipe discharging into jurisdictional waters of the U.S. – known as
an ‘‘outfall.” Furthermore, the treatment prescribed for urban
stormwater pollution is a combination of programmatic measures
and structural controls (Aguilar and Dymond, 2015) whose hydro-
logic and water quality benefit is yet unknown or uncertain
(Barrett, 2008; Taylor and Fletcher, 2007). Detailed guidance
addressing the nuances of monitoring storm sewer discharges from
MS4 outfalls and stormwater best management practices (BMPs) is
needed, and in particular, there is a need for characterization of the
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uncertainty associated with in-pipe sensor discharge measure-
ments and its effects on the use of flow data for modeling and pol-
lutant load estimation (Harmel and Smith, 2007). The type of
uncertainty associated with sensor measurements is called ‘‘mea-
surement” or ‘‘observation” uncertainty (McMillan et al., 2012) –
the focus of this paper.

The term ‘‘uncertainty” should be distinguished from the term
‘‘error”, which is defined as the difference between the true value
and measured value (measurand), which is not operationally help-
ful since true values are almost never known (Moffat, 1988).
Rather, uncertainty is defined as ‘‘a parameter associated with
the result of a measurement that characterizes the dispersion of
values that could reasonably be attributed to the measurement
(WMO, 2010).” The two components of observation uncertainty
as defined in Coleman and Steele (1995), and applied to hydrologic
measurements in Bertrand-Krawjewski and Muste (2008a) are (1)
uncertainty due to bias, and (2) precision uncertainty (Fig. 1).
While bias and precision are typically thought of as error sources,
they are defined as components of uncertainty in this paper, as the
true value of the measurand is not known. Bias uncertainty is the
systematic difference between the mean of the observations and
the benchmark value, while precision uncertainty is the random
scatter of observations about the mean, conforming to some prob-
ability distribution, and generally described by a simple statistic
such as the standard deviation.

As discharge benchmarks are generally not available, there are
limited studies that attempt to quantify the components of dis-
charge observation uncertainty with applications to storm sewer
field measurements. McMillan et al. (2012) provide a meta-
analysis of observation uncertainty for various types of hydrologic
measurements, and Lee et al. (2014) apply a standardized uncer-
tainty framework to river flow sensor observations, but neither
provide specific information regarding the measurement of dis-
charge in storm sewer pipes. McIntyre and Marshall (2008) and
Rehmel (2008) partially fill this gap by comparing acoustic Doppler
current profiler observations to the commonly used impeller cur-
rent meter in nine storm sewer cross sections, and 43 USGS sta-
tions respectively, however no attempt was made to perform
laboratory benchmarking in these studies. Maheepala et al.
(2001) perform flume calibration of flow sensors that are then
placed in storm sewer pipes and evaluated, but the procedure
and results of laboratory work are not reported. Heiner and
Vermeyen (2013) performed laboratory evaluations of nine sensors
in a rectangular, circular, and trapezoidal channel, though labora-
tory constraints allowed comparisons at a limited number of dis-
charge values, and the lab results were not applied to field
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Fig. 1. Uncertainty associated with the observation of a m
measurements. The literature on discharge monitoring uncertainty
lacks the connection between laboratory benchmarking of sensor
uncertainty, application of that uncertainty in the field, and the
implications of uncertainty for stormwater monitoring, modeling,
analysis, and decision making.

The purpose of this study is to benchmark the uncertainty asso-
ciated with discharge measurements from several common sen-
sors for their use in storm sewer monitoring and modeling. To do
this, uncertainty is determined in the laboratory under controlled
conditions, and with the effects of a woody debris model. Labora-
tory benchmarked uncertainty is then applied to field measure-
ments, and finally the implications of observational uncertainty
for urban storm water monitoring and modeling is discussed.

2. Instrumentation

To obtain flow measurements without structural devices (e.g.
weirs and flumes), electronic sensors can be used that employ a
variety of technologies to measure stage and velocity in open chan-
nels and pipes. The sensors used in this study are shown in Table 1,
and the technologies employed are discussed in the following
sections.

2.1. Depth measurement

Sensors that employ ultrasonic (US) technology are mounted at
the top of a pipe, and estimate distance to the water surface by
dividing the return time-of-flight of an emitted high frequency
sound wave by the velocity of that wave (Angrisani et al., 2009).
A shortcoming of ultrasonic sensors is that they require a mini-
mum distance between the sensor and water surface (known as
a dead zone or blanking distance) above which the sensor is not
able to take measurements (Table 1), constraining the number of
potential installation sites. The US instruments tested in the labo-
ratory were the Massa M-300/95 (relabeled as the Telog UT-
33u/95) and Global Water WL705, known henceforth as the Massa
and GW respectively. These sensors are similar in make, with the
primary difference being that the GW includes a data logger that
contains the battery power source, while the Massa must be con-
nected to a separate logger for data collection and power.

Sensors that use pressure transducers (PTs) estimate depth
using a submerged piezo-resistive chip that is exposed to water
pressure and open to the atmosphere through a hose in the com-
munication cable, such that the electrical signal from the chip
can be calibrated to water depth. Depending on the sensor design,
these electrical signals are processed within the device, or relayed
Precision
Uncertainty,
u(X)p

Std. Dev of Sensor
Observations,

SX,s,j

Mean of Sensor Observations,
Xs,j

locity V  or Depth d

easurand X, adapted from Coleman and Steele (1995).



Table 1
Classification, manufacturer specifications, and cost of sensors.

Sensor Depth Velocity Source Cost (USD)

Typea Rangeb Precision (in.) Accuracy Typea Range (fps) Precision (fps) Accuracy

Massa M-300/95 US 12 in.–13 ft. 0.01 ±0.1% – – – – Massa (2014) 900
Global Water WL 705 US 4 in.–12 ft. 0.035 <±0.5% – – – – Global Water (2014) 800
Teledyne ISCO 2150 PT 0.4 in.–10 ft. 0.012 ±0.01 ft ADV �5 to 20 0.01 ±0.1 fpsc ISCO (2011) 3000
FloWav PSA-AV PT 0.9 in.–15 ft. N/A ±0.25% ADV �5 to 20 N/A ±2% FloWav (2013) 1800
SonTek Argonaut SW PT 7.2 in.–16 ft. N/A ±0.1% ADCP �16 to 16 0.003 ±1% Xylem (2009) 5000d

Nortek Vectrino II – – – – ADCP 0.3–9.8 N/A ±0.5% Nortek (2013) 10000

a Sensor types: ultrasonic (US), pressure transducer (PT), acoustic Doppler velocimeter (ADV), and acoustic Doppler current profiler (ADCP).
b Range has a different meaning for ultrasonics and pressure transducers: for ultrasonics, it represents the minimum and maximum distance between the sensor and water
surface (blanking distance). For acoustic Dopplers, range represents the minimum and maximum depth of water above the sensor.

c The reported accuracy of the ISCO 2150 is ±0.1 fps up to 5 fps, and ±2% between 5 and 20 fps.
d The SonTek Argonaut SW has since been discontinued. The price shown is the cost of a SonTek IQ, a comparable unit.
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to a recording and telemetry unit (RTU, also known as a data log-
ger) for processing.

PTs in storm sewer applications have a number of shortcom-
ings. Their installation at the bottom of a pipe affects the flow
regime immediately around the sensor, subjects the pressure/com-
munications hose to entanglement from debris, and subjects the
transducer to burial from sediment. They are also subject to drift;
a change in their output over a period of time that is not a function
of the measured water level. To address these shortcomings, PTs
must be routinely calibrated and maintained. The Teledyne ISCO
2150 ADV, FloWav PSA-AV, and SonTek Argonaut SW (known
henceforth as the ISCO, FloWav, and SonTek, respectively) use
PTs to sense depth.
2.2. Velocity measurement

Acoustic Doppler current profilers (ADCPs) are a subset of
acoustic Doppler velocimeters (ADVs) – instruments that estimate
velocity by continuously transmitting sound waves into a control
volume, then measuring the Doppler frequency shift caused by
reflection off particulates in the water. ADCPs provide multi-
dimensional velocity measurements, while ADVs (as defined in this
study) integrate samples to provide a one-dimensional water
velocity (Larrarte et al., 2008). Generally, these sensors also mea-
sure depth in order to estimate a discharge based on a form of
the flow continuity equation that incorporates the observed fre-
quency shift, as shown in McIntyre and Marshall (2008).

The ability of these sensors to accurately characterize velocity
in a storm sewer pipe is contingent on several factors. First, the
position of the sensor on the pipe bottom subjects them to sedi-
mentation at low velocities, and debris accumulation during storm
events, potentially leading to data loss or inaccuracy if the velocity
transducer is blocked or excessive turbulence is created. Second,
the velocity is estimated based on the magnitude of the frequency
shift from suspended particles within the conical control volume;
measurement error occurs if this volume is not representative of
the cross sectional velocity (Bonakdari and Zinatizadeh, 2011), or
if there is an uneven vertical distribution of sediment within the
volume (McIntyre and Marshall, 2008; Nord et al., 2014). Further
sources of error and considerations for field implementation are
enumerated in Aguilar and Dymond (2014) and McIntyre and
Marshall (2008).

The ADVs/ADCPs used in this study were the ISCO, FloWav, Son-
Tek, and Nortek Vectrino II (known henceforth as the Nortek). The
ISCO and FloWav are designed in a similar fashion; they provide a
single, one-dimensional velocity measurement for a conical control
volume and a single depth at each time interval. They are both bot-
tom mounted, and both require an external data logger and power
source. The SonTek has a similar setup, but is larger and measures
velocity in two dimensions: parallel to the primary flow direction
of the channel and normal to the top face of the sensor. The Nortek
is the most dissimilar of the four velocimeters used in this study as
it is usually top or side mounted, does not provide a depth mea-
surement, and uses four receiving beams at 60 degrees from the
central transmit beam to measure three-dimensional velocity.
Due to its sensitivity to damage from external forces commonly
found in storm flow situations, it would not be an ideal sensor
for autonomous storm flow measurement.

All sensors shown in Table 1 were tested in the laboratory,
though several of the sensors were only available for a limited
amount of testing, and were not included in the results. Manufac-
turer names are censored from results, as the objective of this
study is to evaluate observation uncertainty, not to recommend
one sensor over another.
3. Laboratory procedure

The laboratory setup was a 20 ft. long � 18 in. wide � 18 in.
deep experimental channel that recirculates water with a user-
controlled pump operated at variable speeds from 0 to 60 Hz at
0.1 Hz increments. To provide a direct benchmark with which to
compare sensor observations, the flume provided a venturi-
differential manometer configuration with an established rating
curve derived from Bernoulli’s equation, flow continuity, and
hydrostatic pressure. The venturi reduces flow from a diameter
of 6.06800 to 3.04000, and has a discharge efficiency coefficient,
Cd = 0.987. The manometer measures the head difference in the
venturi (Dh) to the thousandth of a foot. The equation relating dis-
charge, Q (cfs) with Dh (ft.) is:

Q ¼ CdA2

ffiffiffiffiffiffiffiffiffiffiffiffiffi
2gDh
1� r2

r
ð1Þ

where A2 is the cross sectional area of the contraction in the venturi
in ft.2, g is acceleration due to gravity (32.2 ft./s2), r is the contrac-
tion cross section area divided by the entrance cross section area
(0.251), and Cd is the discharge efficiency coefficient (0.987). Infor-
mation regarding the calibration of this venturi meter is from
Engineering Laboratory Design (1999). In this paper, the flow as
measured by the venturi-manometer configuration is referred to
as ‘‘manometer discharge”.

For each of seven experiment days, the sensors were installed in
the flume channel as specified by the manufacturer, and several
‘‘tests” were performed where the system was set to an initial
channel depth with the pump off (i.e. zero discharge). For each test,
the pump was run at increasing frequencies from 0 to 60 Hz, usu-
ally at 5 Hz increments, and the system was allowed to reach
steady-state at each pump frequency. Steady-state channel depth
and manometer discharge were maintained for at least four



76 M.F. Aguilar et al. / Journal of Hydrology 534 (2016) 73–86
minutes – referred to as a ‘‘trial”, and annotated as j. Depth and
manometer discharge were recorded for each trial, and an observa-
tion i was taken by each sensor, s, mounted in the channel every
minute, referred to as ds,i or Vs,i for i = 1? n depth and velocity
observations in trial j respectively.

Summary statistics were performed on each trial such that i
observations were aggregated into j trials for j = 1? N trials. The
mean and standard deviation of sensor depth and velocity observa-
tions i in trial j were calculated and annotated as Xs;j and SX,s,j
respectively, where X represents the measurands depth, d and
velocity, V, and S represents the standard deviation of i observa-
tions of the measurand. The following section describes how Xs;j

and SX,s,j were used to benchmark observation bias and precision
uncertainty respectively, and how the uncertainty associated with
the benchmark itself was defined. Uncertainty associated with a
measurand X will be annotated as u(X)k where k is one of the three
components of uncertainty defined for this study: bias u(X)b, preci-
sion u(X)p, and benchmark u(X)B; and where u(X)C is the combined
uncertainty of the three components (Fig. 1).

Measurements taken outside of manufacturer reported sensor
limitations (e.g. minimum depth or blanking distance, see Table 1)
were removed from analysis, as the sensors were not expected to
operate outside of specified conditions. Other erroneous measure-
ments noted during sensor data post-processing were marked and
censored from analysis; this will be discussed further in Section 5.

3.1. Benchmark uncertainty

The uncertainty associated with the benchmark measurements
(u(X)B) was calculated for the laboratory, as it provided a measure
of the extent to which the depth and velocity could be measured
given a set of laboratory tools. This is referred to as epistemic
uncertainty – the limit to what can be known about a system; its
counterpart – aleatory or ‘‘natural” uncertainty – is discussed later
in this section (definitions from Merz and Thieken (2005)). It was
not possible to evaluate benchmark uncertainty in the field, as
the depth and velocity were not directly observable, but it was
assumed that the instruments used for observation of hydraulic
parameters in the field would be at least as uncertain as those used
in the laboratory. As a result, laboratory benchmark uncertainty is
applied to field measurements as a conservative means of describ-
ing the upper limit of what can be directly observed in the field.

The uncertainty associated with the discharge benchmark
based on the 0.001 ft. head increments applied to the manometer
equation (Eq. (1)) was ±0.013 cfs. The pump frequency-initial
channel depth–discharge relationship was created by filling the
flume to an initial depth in the channel, running the variable speed
pump from 0 to 60 Hz, and estimating discharge based on
manometer readings. The initial depth in the flume was then incre-
mentally increased, and the process was repeated. Non-linear least
squares regression was performed separately for each initial chan-
nel depth to relate manometer discharge to pump frequency based
on a power-law relationship. The uncertainty associated with these
rating curves was defined as the maximum standard error of the
residuals (RSE) of these power-law models (0.01 cfs) where:

RSE ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPn

i¼1 Xo;i � Xp;i
� �2
n� 2

s
ð2Þ

and Xo,i is the observation of the value by direct measurement, Xp,i is
the predicted value from the model, and n is the number of obser-
vations (56 6 n 6 92). The RSE is in the same units as the measure-
ment and provides a metric of the difference between modeled
values and observed values at all discharges. The total uncertainty
associated with the manometer reading and frequency-discharge
rating curve was calculated based on the probable error range
defined in Bertrand-Krawjewski and Muste (2008a), Harmel and
Smith (2007) and Sauer and Meyer (1992):

u2ðyÞ ¼
XN
i¼1

u2ðxÞi ð3Þ

where u(y) is the combined uncertainty of N independent compo-
nents of uncertainty, u(x)i, and for the manometer and rating curve,
the combined discharge benchmark uncertainty, u(Q)B was
±0.016 cfs.

Depth, do,i was measured in the channel with a depth gauge
attached to the plexi-glass channel wall perpendicular to the water
surface for a range of depths between zero and twelve inches, with
a benchmark uncertainty, u(d)B = ± 0.0625 in. Benchmark velocity,
Vo,i was estimated based on the manometer discharge observation
divided by cross sectional flow area (as calculated by do,i). The
uncertainty in the velocity benchmark is the propagated uncer-
tainty in depth and discharge benchmarks based on the principle
from Coleman and Steele (1995):

u2ðyÞ ¼
XN
i¼1

@f
@xi

� �2

u2ðxiÞ ð4Þ

where u(y) is the uncertainty of a value calculated as a function of xi,
and f is that function. The application of this principle to the estima-
tion of velocity uncertainty as a function of depth, discharge, and
their respective uncertainties is:

uðVÞB ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
@V
@Q

� �2

u Qð Þ2 þ @V
@d

� �2

u dð Þ2 þ @V
@w

� �2

u wð Þ2
s

ð5Þ

where V is velocity in fps (estimated as V = Q/wd), d is channel depth
in ft., w is channel width in ft. (constant and relatively certain) and
Q is discharge in cfs. The benchmarked velocity uncertainty, as it is a
derived value, varies with manually observed depth and manome-
ter discharge, such that the maximum u(V)B achieved in the labora-
tory was ±0.272 fps as Froude number, Fr? 1. Although it was
possible to calculate the velocity benchmark uncertainty in the lab-
oratory, it was not possible to do so in the field, as depth and dis-
charge were not directly observable in the field. As such, the
bootstrapped upper 95% confidence interval of the velocity bench-
mark uncertainty was used, such that u(V)B = 0.056 fps.

3.2. Bias uncertainty

The bias uncertainty was defined as the difference between the
benchmarked value (Xo,j) and the mean of i sensor observations for
each trial, j ðXs;jÞ, and was calculated as the standard error of the
observation residuals using the equation for RSE:

uðXÞb ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPN

i¼1 Xo;j � Xs;j
� �2
N � 2

s
ð6Þ

First, all Xs;j were plotted against their respective manual obser-
vation, Xo,j with a line of perfect agreement (1:1 line) for reference.
Then, observation residuals ðXo;j � Xs;jÞ were plotted against chan-
nel depth, velocity, and Froude number (Fr) to determine the
effects of these parameters on the residuals. The 1:1 plots and
residual plots were visually inspected, and it was determined
how best to model sensor observations as a function of manual
observations, and thereby transform sensor observations to better
fit manual observations.

Models were built for Xo,j as a function of Xs;j so that
sensor observations could be transformed to better fit manual
observations, and so this transformation could be applied in
the field. These transformation functions were created in
three ways depending on the transformation necessary to meet



Fig. 2. Model woody debris field used to evaluate sensor uncertainty with
obstructions in storm sewer channels.
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homoscedasticity and autocorrelation assumptions of linear
modeling in the adjusted (i.e. transformed) mean observations
ðXs;j;adjÞ: (1) linear least-squares regression, (2) non-linear least-
squares regression and (3) addition of observation residual models
(as a function of Fr) to sensor observations. These transformation
functions were applied to the original sensor observations to
adjust them toward the line of perfect agreement with direct
observations, and to remove heteroscedasticity and autocorrela-
tion. Subsequent linear models were then built for the manual
observations as a function of these adjusted sensor observations
ðXs;j;adjÞ, and the RSE of this adjusted model was reported as the
adjusted bias uncertainty (u(X)b,adj).

The date of testing was later included in these models as a cat-
egorical variable to determine if sensor depth observations drifted
with time, but only for the purpose of commenting on lab condi-
tions, as direct depth observations were not measured in the field.
All linear and non-linear least-squares regression modeling was
performed in the R software language using the ‘‘lm” and ‘‘nls”
functions respectively (R Core Development Team, 2014).

3.3. Precision uncertainty

Precision uncertainty (Fig. 1) is defined as the random scatter of
sensor observations about the mean value of these observations
due to electrical limitations of the sensor, and environmental
stochasticity [i.e. aleatory uncertainty (Merz and Thieken, 2005)].
Testing in the laboratory was designed to minimize the effects of
environmental conditions, although the very presence of the bot-
tom mounted ADVs and ADCPs created non-uniformities in the
channel. It was not possible to control for this, and was deemed
acceptable as the same effects would be present in the field
installation.

This random scatter was evaluated for N trials at steady-state
channel depth and velocity as the standard deviation of n > 3 sen-
sor observations (SX,s,j). These standard deviations were calculated
for trials across a range of depths and velocities in the channel, and
it was hypothesized that precision uncertainty would increase as
Fr? 1, as the flow regime in the channel was least stable under
critical flow conditions. To test this hypothesis, SX,s,j was plotted
as a function of the manually observed depth, velocity, and Froude
number, and the plots were visually inspected for trends. If no
trend was present, the precision uncertainty (u(X)p) was calculated
as the median of all SX,s,j, as the median is robust against non-
normality and outliers.

3.4. The effect of woody debris

Previous experience with storm sewer discharge monitoring,
and the results in McCuen et al. (2014) has shown that storm sewer
systems are subject to the accumulation of trash and debris, espe-
cially in large pipes and at locations where open channels enter
daylighted culverts, as there are no preventative measures for
removing these detritus before they enter the storm sewer system.
Although it was not possible to build an exact scale model of any
particular debris jam, the principles from Gippel et al. (1996) were
used to approximate a woody debris jam that might exist in a
storm sewer pipe.

A modular debris field was constructed from 3/400 and 1/800 balsa
wood dowels mounted to a ½00 plywood sheet cut to fit the width of
the flume channel so that the field could easily be installed and
removed from the channel (Fig. 2). The previously described test-
ing procedure was used to benchmark sensor bias and precision
uncertainty with debris set in the channel at a fixed distance
upstream of each sensor, so that a comparison could be made with
the observation uncertainty without debris in the channel. Two
days of experimentation were performed where tests were run
without debris in the channel, and the same tests were repeated
with debris in the channel.

The presence of the debris model was first used to subset data
to determine u(X)b and u(X)p of the sensors with and without deb-
ris in the channel, and then as a presence/absence categorical vari-
able to determine if the presence of debris had a significant effect
(p < 0.05) on model specification or coefficients.

3.5. Combined uncertainty

The combined observation uncertainty for a measurand was
calculated as the probable error range (Eq. (3)) of adjusted bias,
precision, and benchmark uncertainty:

uðXÞc ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
uðXÞ2b;adj þ uðXÞ2p þ uðXÞ2B

q
ð7Þ

To evaluate the relative importance of depth and velocity sensor
uncertainty on total discharge uncertainty, the principal of error
propagation (Eq. (4)) from Bertrand-Krawjewski and Muste
(2008a) and Coleman and Steele (1995) was used, such that:

uðQÞ ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
u Vð Þ2 wdð Þ2 þ u dð Þ2 Vwð Þ2

q
ð8Þ

as Q = Vwd for both the flume channel and field installation.
4. Field procedure

4.1. Selection of a field location and installation

As the cost for purchase, operation, and maintenance of instru-
mentation for water measurements may limit the number of mon-
itoring stations, it is important that installation sites are carefully
selected. Certain locations might be considered based on institu-
tional knowledge or regulations, though if a city maintains a storm
sewer GIS database, this can be helpful in systematically identify-
ing potential monitoring locations.

The location for the installation of sensors in this study was
selected by (1) querying a storm sewer GIS database described in
Aguilar and Dymond (2014) and (2) consulting the municipal
authority (known as the MS4 operator) responsible for the storm
sewer system in which the sensors were to be placed. The GIS
was used for a preliminary selection of sites in the MS4, using a
series of logical queries. First, all reinforced concrete pipes were
selected, as open channels can have unstable cross-sections, and
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other materials (e.g. corrugated metal) can produce non-
uniformities in the flow. As large fluctuations in depth, velocity,
and discharge were desired for this experiment, preference was
given by descending pipe size and upstream watershed area. A
practical consideration was the accessibility of the sensors for
maintenance, as manufacturers recommend weekly maintenance
until sufficient understanding of environmental conditions is
obtained (ISCO, 2011), and many storm sewer pipes require con-
fined space entry. Locations where the storm sewer system day-
lights into open streams serve as highly accessible monitoring
locations, but are more susceptible to entrance and exit turbulence.

A short-list of potential monitoring locations was created by
querying these criteria in the GIS, which was then presented to
the MS4 operator. The operator provided insight into locations that
might make valuable study areas – for example where future
development was proposed, or where flooding complaints had
occurred. The inclusion of this institutional knowledge added a
layer of validation to the GIS exercise that would have otherwise
been missed.

The final site selected was a 70 in. wide � 49 ¾ in. tall rough
bottom rectangular reinforced concrete pipe at 0.85% slope, drain-
ing a 490 acre watershed near downtown Blacksburg, Virginia. The
site was selected as it drained an area that was larger and more
urbanized than the other potential sites, and there was future infill
development proposed within the contributing watershed. The
rectangular pipe was accessed through a manhole in an upstream
junction box, which was built as a transition from two parallel
60 in. diameter reinforced concrete pipes upstream of the junction
box. The junction box had artificial low-flow channels formed into
the bottom to transition baseflow from the two upstream circular
pipes, to a single downstream rectangular pipe.

Two ADVs and one US (referred to as Sensor 1, Sensor 2, and
Sensor 3 respectively) were installed along the center line of the
downstream rectangular pipe at 4 ft., 11.5 ft., and 18.5 ft. down-
stream of the end of the junction box respectively, as constrained
by the lengths of the communication cables. All sensors were
mounted to the pipe using concrete screws, and the communica-
tion cables were fastened to the pipe bottom, side, or top using
plastic clamps to assure that debris would not be caught on the
cables. Sensors 2 and 3 were connected to a single RTU, and Sensor
1 used a separate RTU; both of these were hung from a ¾ in. steel
all-thread hanger in the manhole above the junction box. Sensors
were left in the field location for 2.5 months, recording nine storm
events in that time period.

There were several shortcomings of the site. First, the sensors
may have been subject to non-uniformities in the flow produced
by the transition from the upstream circular pipes and junction
box – especially Sensor 3 (the ultrasonic), as it was closest to this
transition. As sensors must generally be tethered to an RTU, site
access and hydraulic stability are trade-offs unless additional cable
lengths can be acquired. The site also did not allow direct observa-
tion of the hydraulic conditions during storm events, as this would
have been dangerous to the observer. Nevertheless, the site was
chosen because it drained the largest area, had the same cross sec-
tional shape as the laboratory channel, and had the best access
given the two previous constraints.

4.2. Sensor power considerations

During laboratory and field testing, it was noted that a sensor’s
power requirements are important considerations. The sensors
were designed for field use, and were powered by batteries, which
in some cases could be recharged using solar panels (Sensors 2 and
3). However solar recharge was not available in the lab or field set-
ting, and the testing was power intensive as samples were needed
at one minute time intervals. Sensor 1 conserved power using a
feature that allowed observations at two time intervals given a
velocity or depth threshold; it was set to record measurements
at 1 minute intervals when depth was above 2 in., and 15 min
intervals otherwise. This option was not available for Sensors 2
and 3.

The manufacturer supplied battery power was insufficient for
long term testing of Sensors 2 and 3, so in the laboratory, the data
logger for these sensors was connected to a laboratory DC power
supply set at a constant 12 V. As the sensors were installed in a
manhole covered junction box, there was no practical way to use
solar recharge, so instead two 12 V, 21 A-h lead-acid batteries were
purchased so that one battery could power the sensors while the
other recharged.

To determine the battery rating necessary for Sensors 2 and 3,
the total load from the sensors was estimated using the DC power
supply in the laboratory. As the sensors required 15 s of approxi-
mately 0.20 Amps (A) for measurements every minute, and the
floating load was approximately 0.001 A for the remaining 45 s,
the total current required for one minute was 0.20 A � 0.25
+ 0.001 A � 0.75 = 0.051 A. As it was desired that batteries would
last in the field for two weeks without replacement with an addi-
tional 10% margin (370 h), it was determined that a battery rated at
0.051 A � 370 h = 19 A h or greater be purchased. Above this rat-
ing, the weight of the battery became limiting, as both RTUs would
need to be hung from the ¾ in. steel all thread hanger in the junc-
tion box manhole.

Similar computations could be performed for other sensor-RTU
combinations, though many sensors have proprietary battery
mounts, making it difficult to use different power configurations.
Sensor 1, for example, used two 6 V lantern batteries mounted
inside the RTU in a manner that would have been difficult to use
other battery supplies. However, the power demands of Sensor 1,
while not directly measured, appeared to be significantly smaller
than Sensors 2 and 3, as the lantern batteries were only replaced
once in the 2.5 months of field use.

4.3. Application of laboratory uncertainty to field observations

Time series data for the three depth and two velocity sensors
installed in the field were downloaded and integrated into a single
time series so that analysis could be more easily performed. First,
the laboratory defined transformation equations were applied to
the field data to determine if these equations reconciled the obser-
vations from different sensors to each other. Second, the combined
uncertainty of the depth and velocity measurements was applied
to the field data using Eq. (8) to determine the total uncertainty
of discharge measurements for each sensor. Finally, the level of
agreement between the sensors was assessed for each recorded
storm event using a variation of the Nash–Sutcliffe Efficiency
(NSE) (Nash and Sutcliffe, 1970):

Ea;b ¼ 1�
PT

t¼1 Qt
a � Qt

b

� �2
PT

t¼1 Qt
a � Qa

� �2 ð9Þ

where Ea,b is the NSE coefficient representing the goodness-of-fit of
sensor b’s discharge observations Qt

b

� �
with respect to sensor a’s

discharge observations Qt
a

� �
and compared to sensor a’s mean dis-

charge Qa. As the NSE coefficient is commonly used to assess the
predictive power of hydrological models by comparing simulated
and observed hydrographs, it is used in this paper to compare the
hydrographs observed using two different flow sensors in order to
comment on how well models should fit measured data. The NSE
coefficient can range between �1 and 1, however values greater
than 0.5 are generally deemed acceptable for model simulations
(Moriasi et al., 2007).



Ta
bl
e
2

Th
e
tr
an

sf
or
m
at
io
n
fu
nc

ti
on

s
us

ed
to

ad
ju
st

se
ns

or
de

pt
h
(d

s)
an

d
ve

lo
ci
ty

(V
s)

ob
se
rv
at
io
ns

to
w
ar
d
m
an

ua
l
ob

se
rv
at
io
ns

w
it
h
an

d
w
it
ho

ut
de

br
is
,t
he

bi
as

un
ce
rt
ai
nt
y
of

th
e
or
ig
in
al

ob
se
rv
at
io
ns

an
d
th
e
ad

ju
st
ed

ob
se
rv
at
io
ns

,
pr
ec
is
io
n
un

ce
rt
ai
nt
y,

be
nc

hm
ar
k
un

ce
rt
ai
nt
y,

an
d
co

m
bi
ne

d
un

ce
rt
ai
nt
y
fr
om

Eq
.(
7)
.V

al
ue

s
of

un
ce
rt
ai
nt
y
ar
e
in

+/
�

th
e
un

it
of

m
ea

su
re
m
en

t.

Se
n
so

r
Ty

pe
D
eb

ri
s

N
u
m
be

r
of

tr
ia
ls

Tr
an

sf
or
m
at
io
n

fu
n
ct
io
n

U
n
ad

ju
st
ed

bi
as

u
n
ce
rt
ai
n
ty

A
dj
u
st
ed

bi
as

u
n
ce
rt
ai
n
ty

Pr
ec
is
io
n

u
n
ce
rt
ai
n
ty

B
en

ch
m
ar
k

u
n
ce
rt
ai
n
ty

U
n
ad

ju
st
ed

co
m
bi
n
ed

u
n
ce
rt
ai
n
ty

A
dj
u
st
ed

co
m
bi
n
ed

u
n
ce
rt
ai
n
ty

D
ep

th (i
n
.)

1
PT

N
46

5
(d

s
+
0.
10

6)
/1
.0
38

0.
74

4
0.
70

7
0.
03

1
0.
06

25
0.
74

7
0.
71

0
Y
a

10
8

(d
s
+
1.
27

)/
1.
12

0.
86

3
0.
19

8
0.
04

0
0.
06

25
0.
86

6
0.
21

1
2

PT
N

34
9

(d
s
+
0.
17

6)
/1
.0
63

0.
34

7
0.
27

9
0.
14

1
0.
06

25
0.
38

0
0.
31

9
Y

13
2

(d
s
+
0.
15

6)
/1
.0
53

0.
44

4
0.
39

3
0.
17

3
0.
06

25
0.
48

1
0.
43

4
3

U
S

N
35

3
(d

s
�

0.
00

6)
/0
.9
93

0.
19

2
0.
19

2
0.
04

4
0.
06

25
0.
20

7
0.
20

7
Y
b

10
2

(d
s
�

0.
56

8)
/0
.8
64

0.
39

4
0.
40

4
0.
08

5
0.
06

25
0.
40

8
0.
41

8

V
el
oc

it
y

(f
ps

)
1

A
D
V

N
28

7
0:
87

5
�
V

0:
96

8
s

0.
31

4
0.
15

9
0.
05

0
0.
05

6
0.
32

3
0.
17

6

Y
c

92
0:
69

2
�
V

0:
91

2
s

0.
64

1
0.
16

6
0.
05

9
0.
05

6
0.
64

6
0.
18

5

2
A
D
V

N
34

9
V
s
�

3.
42

+
4.
65

�
Fr

1
/2

1.
44

0.
58

8
0.
22

1
0.
05

6
1.
45

8
0.
63

1

Y
d

13
2

(V
s
�

0.
39

0)
/0
.9
56

0.
47

9
0.
33

8
0.
17

9
0.
05

6
0.
51

4
0.
38

7

a
D
eb

ri
s
si
gn

ifi
ca
n
tl
y
af
fe
ct
s
y-
in
te
rc
ep

t,
bu

t
n
ot

sl
op

e.
b
D
eb

ri
s
si
gn

ifi
ca
n
tl
y
af
fe
ct
s
y-
in
te
rc
ep

t
an

d
sl
op

e.
c
D
eb

ri
s
si
gn

ifi
ca
n
tl
y
af
fe
ct
s
n
ls

pa
ra
m
et
er
s.

d
D
eb

ri
s
ch

an
ge

s
th
e
fo
rm

of
th
e
tr
an

sf
or
m
at
io
n
fu
n
ct
io
n
.

M.F. Aguilar et al. / Journal of Hydrology 534 (2016) 73–86 79
5. Results and discussion

The results of all laboratory experiments were first plotted as
time-series in order to visually inspect the agreement between
sensor and manual observations, and several problems were noted
in doing so. First, Sensor 1’s velocity transducer reported zero val-
ues (though not consistently) at manometer derived velocities of
0.3 fps and less, suggesting a minimum detection threshold. Zero
velocities and depths were also reported by both Sensor 1 and 2
at random times in the experiments, contrary to channel condi-
tions and serial measurements. These erroneous values were cen-
sored from analysis.

It was also noted that at the end of trials when the pump was
turned off and velocity in the channel rapidly dropped to zero, Sen-
sor 1’s velocity sensor continued to report the previously reported
value (i.e. the transducer appeared to be ‘‘stuck”) until the velocity
changed significantly from zero, though it was not possible to
directly quantify what allowed the sensor to resume taking obser-
vations. These values were also censored from analysis, as this phe-
nomenon was unlikely to occur in the field, since the rate of change
of velocity in the field was limited to the ascending and descending
limbs of storm hydrographs.

As the sensors tested did not provide any sort of error flagging,
data post-processing was necessary to assure that uncertainty
benchmarking and field data analyses were not skewed by erro-
neous data. In general, data validation conformed to recommenda-
tions in Bertrand-Krawjewski and Muste (2008b), and it should be
noted that as the number of measurements increases, data valida-
tion and post-processing can become a limiting factor for large-
scale monitoring programs.

This section presents the results of the laboratory benchmark-
ing of bias, precision, and combined uncertainty; the effects of
woody debris therein, and the application of laboratory bench-
marking to observations in the field. Although benchmark uncer-
tainty is a component of combined uncertainty, benchmark
uncertainty is not discussed further in this section, as its estima-
tion and outcomes are included in the laboratory procedure.

5.1. Bias uncertainty

Uncertainty due to bias was defined as the standard error of the
residuals (RSE), Xo;j � Xs;j for j trials. This was first calculated based
on the RSE of the unadjusted Xs;j, then models were built to trans-
form these values to Xs;j;adj, and the adjusted RSE was calculated.
The purpose of this adjustment was to determine the relationship
between sensor observations and laboratory benchmarks, so that
this relationship could be applied to sensor observations in the
field. The transformation functions, unadjusted bias uncertainty,
and adjusted bias uncertainty are shown in Table 2.

Fig. 3 shows the unadjusted and adjusted observations, Xs;j with
60% transparency, and the associated least-squares regression lines
demonstrating improved agreement after transformation. Bias
uncertainty was reported as the RSE of the adjusted and unad-
justed regression lines as shown in Table 2. Observations from
the three depth sensors had a linear relationship with the manual
observations (Fig. 3A–C), though the velocity sensors did not
(Fig. 3D–E); Sensor 2’s velocity observations did not appear to have
any relationship to manual observations, and as such, no least-
squares regression line for the unadjusted observations is shown
(Fig. 3E).

Sensor observation residuals were then plotted as a function of
manually observed depth, velocity, and Froude number to deter-
mine how these parameters affected residuals. Froude number
(Fr) plots are shown in Fig. 4, as Fr represents the mixed effect of
depth and velocity on residuals. The magnitude of the residuals



Fig. 3. Sensor depth observations plotted against manual observations (A–C), and sensor velocity observations plotted against manometer derived velocity (D–E) for all trials
with least-squares regression lines shown.
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of the three sensor’s depth observations were invariant with man-
ually observed depth (Fig. 4A–C), so a linear regression was used to

transform ds;j to vary about the line of perfect agreement. Sensor
1’s velocity observations expressed a non-linear relationship with
manometer derived velocity, and as such a non-linear least-
squares regression model was created to transform Sensor 1’s
velocity observations (Fig. 3D). Sensor 2’s velocity observations
did not appear to have any correlation with the manometer
derived velocity (Fig. 3E), although observation residuals appeared
to vary systematically with Fr (Fig. 4E). To adjust Sensor 2’s veloc-
ity observations, a linear least-squares regression model was
developed for the observation residuals as a function of Fr (Fig. 4E),
and the adjusted velocity observations were calculated as the sum
of the unadjusted observations and the output of this linear model
built for observation residuals as a function of Froude number.

After initial experiments, it was noted that Sensor 1’s pressure
transducer (PT) systematically overestimated depth, as the sensor
vs. manual depth observation line had a slope of approximately
1, but the y-intercept was 1.07 in. (i.e. the sensor systematically
overestimated depth by 1.07 in.). This was thought to be caused
either by sensor drift, or a mounting configuration in a stainless
steel bracket with silicone caulk that prevented the sensor’s pres-
sure transducer from being properly exposed to water pressure.
The sensor was re-mounted in an improved bracket without caulk,
and calibrated by placing the sensor in a known depth of water,
and setting the sensor’s depth observation to the known depth.
This shifted the intercept of the depth observations model by
0.74 in. toward the actual values. This was the only manual
calibration or modification to any sensor that was performed,
though Sensor 1’s depth observations continued to shift between
experiments, with a range of y-intercepts from �1.12 to +1.07 in.
When the date of the experiment was included as a categorical
variable to shift the y-intercept for different dates, the unadjusted
bias uncertainty was reduced to ±0.276 in.

Sensor 2 and 3’s depth observations also showed significant
shifts between experiments (Sensor 3’s to a lesser degree), though
there was no exogenous factor that could be found to cause this
shift. The range of y-intercepts (i.e. measurement drift) for differ-
ent experiment dates for Sensor 2’s PT ranged from �0.20 to 0.71
and Sensor 3’s ultrasonic (US) transducer from �0.02 to 0.11. As
it was not possible to apply this information to the field, the overall
y-intercept was used to adjust field measurements, and the sensor
drift noted is included in bias uncertainty.

5.2. Precision uncertainty

Sensor precision uncertainty was evaluated as the standard
deviation of n > 3 sensor observations (SX,s,j) when depth and veloc-
ity in the channel were at steady-state. It was hypothesized that
precision uncertainty would increase as Fr? 1 from either direc-
tion, as sensors aggregate many measurements into a single
reported value of depth and velocity under these non-uniform con-
ditions. Plots of SX,s,j as a function of Fro,j at these steady-state con-
ditions are shown in Fig. 5, but were inconclusive to this end. It was



Fig. 4. Sensor observation residuals, Xo;j � Xs;j for depth (A–C) and velocity (D–E) with line of perfect agreement. (E) Sensor 2’s velocity residuals varied with Froude number;
the least-squares regression line is shown.
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not possible to evaluate SX,s,j at 0.72 < Fr < 1.28, as the channel
entered gradually varied flow conditions in this range, and the
varying depth and velocity along the length of the channel pre-
vented comparison to manual observations. As a result of this
gap in the data, precision uncertainty is reported as the median
of all SX,s,j for each sensor, with the caveat that near critical flow,
sensor precision uncertainty is likely to increase based on the prin-
ciples of the measurement devices, but not substantiated by exper-
imental results.

5.3. The effect of woody debris

The effect of the presence of a woody debris field in a storm
sewer on the uncertainty of sensor observations was tested by
placing a balsa wood model designed to approximately simulate
a debris jam in the flume at a set distance upstream from the sen-
sors. The effects of the debris jam were evaluated by assessing how
the presence of debris affected observation residuals, and if the
presence of debris had a significant impact on sensor uncertainty.
The significance of the debris field, transformation functions, and
associated uncertainties are shown in Table 2.

The bias uncertainty associated with Sensor 1’s depth sensor
significantly increased with upstream debris, though the transfor-
mation function adjusted these observations so that u(d)b,adj was
significantly smaller than the ‘‘no debris” model, since there were
only two days of debris testing, and there was minimal sensor drift
between these two days. The presence of debris jam in the channel
resulted in insignificantly higher bias and precision uncertainties
for Sensor 2’s depth transducer, although the debris had a signifi-
cant effect on Sensor 3’s depth observations, as Sensor 3 overesti-
mated at channel depths below three inches. These
overestimations at low values had high leverage for the transfor-
mation model, and as such, the bias uncertainty of the adjusted
model is actually worse than the original model.

Sensor 1’s velocity transducer was significantly less certain with
debris in the channel, with unadjusted bias uncertainty increasing
by 104% over the unadjusted no-debris bias uncertainty due to sys-
tematic overestimation, but when adjusted, bias uncertainty was
nearly that of the sensor with no debris in the channel. The pres-
ence of debris in the channel had the opposite effect on Sensor
2’s velocity observation uncertainty – it significantly decreased
both bias and precision uncertainty. There was a more visible
agreement between Sensor 2’s Vs;j and Vo,j with debris in the chan-
nel, though it was not possible to determine why this was the case.

The precision uncertainty for all other transducers increased
with debris in the channel, an effect that would be expected given
the decrease in flow uniformity. However the decrease in precision
was small relative to the increase in bias due to debris, suggesting
that while non-uniformities in the flow do not significantly reduce
sensor observation repeatability, they make it more difficult for the
sensor to report average measures of depth and velocity that are
characteristic of the hydraulic conditions.



Fig. 5. Standard deviation of i sensor observations for each trial, Ss,j plotted against manometer derived Froude number, Fro,j with the median value shown representing
precision uncertainty.
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5.4. Combined uncertainty

The precision, bias, and benchmark uncertainty was combined
using the probable error range (Eq. (7)) to arrive at a total labora-
tory uncertainty for each of the sensors for application to the field
(Table 2). Sensor 1 had the highest u(d)c of 0.710 in. of all the depth
sensors when there was no debris in the channel, however it was
apparent that this was due to sensor drift between experiment
dates. When the data was controlled for sensor drift, the unad-
justed bias uncertainty was reduced to 0.276 in., but this factor
could not be included in the transformation function because it
was not possible to determine how to shift Sensor 1’s depth mea-
surements in the field.

Sensor 3 (an ultrasonic) had better bias uncertainty than both
the pressure transducers, but the precision was approximately
the same as Sensor 1’s. As a result, Sensor 3 may provide a more
reliable depth measurement than the other two, as the bias was
low and minimal transformation was required, however when
the water surface in the pipe is <12 in. from Sensor 3’s transducer,
observations from one of the pressure transducers will need to be
used. This is also true of low depth conditions when there is debris
in the channel, though it is generally not possible to identify these
conditions without direct observation.

Sensor 1’s velocity bias and precision was lower than Sensor 2’s,
and as a result had lower combined uncertainty with and without
debris in the channel. It did not appear that there was any
relationship between Sensor 2’s observations and manually
observed velocity (Fig. 3E) until the residuals were plotted against
depth, velocity, and Froude number (Fig. 4E), but it was not clear
why the residuals of Sensor 2’s observations would vary with these
parameters. With debris in the channel, there was at least a visible
relationship between Sensor 2 observations and manual velocity
observations, but with marginally better precision.

5.5. Application to field observations

The sensors were deployed in the field for 2.5 months (March
12 to May 29, 2015) during which time they recorded 9 separate
storm events. The transformation equations were applied to the
sensor data to determine the adjusted discharges, and the com-
bined uncertainties from Table 2 were used with Eq. (8) to estimate
the propagated uncertainty of discharge measurements. The trans-
formation equation for Sensor 2’s velocity requires a manually
observed Froude number, but since there was no way to directly
observe the depth or velocity in the field, the Froude number cal-
culated using Sensor 1’s adjusted observations was used as a
surrogate.

While the transformation equations reduced the uncertainty in
the field measurements, the NSE of the observed hydrographs
showed only minor improvements for 4 of the 9 storms and an
overall decrease in the average discharge NSE across all storms.
This lack of improvement in the agreement by adjusting sensor



Table 3
Minimum, maximum and mean Nash–Sutcliffe efficiency (NSE) values for nine storm events using Sensor 1 as the ‘‘observed” data.

Storm Depth Velocity Discharge

PT Unadj PT Adj US Unadj US Adj ADV Unadj ADV Adj Original Adjusted

Min �21.88 �21.26 �8.73 �9.69 �1.65 �2.82 �2.70 �15.71
Mean �3.05 �2.95 �3.14 �3.51 �0.37 0.07 �0.49 �2.04
Max 0.55 0.55 �0.60 �0.66 0.42 0.77 0.55 0.44
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discharge estimates was largely attributed to the influence that
adjusted depth measurements have on the discharge, which
showed only a marginal improvement in the average NSE (+0.1)
for the PT and were worse for the US (Table 3). Although the
adjusted velocity readings had an improved fit in 7 out of 9 storms,
the velocity transformation function is inherently biased through
the input of the adjusted Sensor 1 Froude number and would not
be useful in most cases where there is not a second velocity
measurement device.

These results do not support the hypothesis that adjusting
field depth and velocity data using laboratory benchmarked
values will result in better agreement between the sensors.
One possible reason for this is that the physical conditions in
the laboratory were restricted to the capabilities of the system
and the power of the pump. Therefore, the depth and velocities
simulated in the experimental flume may not be completely
representative of field depth and velocity combinations. Another
reason could be that the flow conditions between the two
sensor locations vary during storm events, where limitations
due to the site selection, such as the upstream pipe transition
and junction box, result in non-uniformities in the flow. The
following results should be viewed within the context of these
field limitations.
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and lower bounds of laboratory benchmarked uncertainty shown.
The level of agreement between the sensors during storm
events was first evaluated using the NSE for the unadjusted and
adjusted time series (Table 3). The NSE of the depth, velocity and
flow was computed for each storm event using Eq. (9), with Sensor
1 as the observed data and Sensors 2 and 3 as the simulated data.
The average NSE was less than zero for all permutations of
adjusted and unadjusted depth, velocity and discharge, except for
the adjusted velocity, though this agreement is a result of the
use of Sensor 1’s depth and velocity observations for
transformation.

The overall level of disagreement between the sensors is sub-
stantial, as a hydrologic model is considered to be acceptably cali-
brated when modeled hydrographs match observed hydrographs
with NSEP 0.5. Only the unadjusted discharge data from the
3/14/2015 storm met this criteria (NSE = 0.55). These results sug-
gest that when calibrating a stormflow model to observed dis-
charges measured by an ADV, a modeler should consider
whether the uncertainty in the flow measurement data merits a
lowering of the acceptable NSE value.

The storm peak, volume, and their uncertainties were also eval-
uated using the unadjusted and adjusted observations. Fig. 6 shows
the peak flow, volume, and the range of cumulative uncertainty
estimated using each of the sensor’s observations for the nine
A

B

/8/2015 4/10/2015 4/16/2015 4/19/2015 4/25/2015

n original and adjusted discharge observations from Sensor’s 1 and 2 with the upper



84 M.F. Aguilar et al. / Journal of Hydrology 534 (2016) 73–86
storm events, and illustrates the effect of combined uncertainty on
hydrograph characteristics that are commonly used in hydrologic
modeling. For example, for the storm event that occurred on
3/26/2015, the unadjusted peak flow uncertainty varied between
7.1 and 24.3 cfs for the two sensors, and the unadjusted volume
uncertainty for the storm event on 4/25/2015 ranged between
53,000 cf and 554,000 cf. Fig. 6 also illustrates the effect that the
transformation functions had on the range of uncertainty, as
adjustments reduced the magnitude of peak and volume uncer-
tainty for individual sensors for all storms. Overall, the uncertainty
bounds constituted 13–48% of unadjusted peak flow, 10–25% of
adjusted peak flow, 31–84% of unadjusted volume, and 25–41%
of adjusted volume.

It should be noted that the uncertainties applied to the field
data are the combined uncertainties developed in the laboratory
without the woody debris field. While it is not known if and to
what extent debris existed or affected the sensors during these
events, it can be assumed that the field flow conditions are more
turbulent than in the laboratory; therefore, the application of lab-
oratory benchmarked uncertainties are conservative. This may be
the reason that for some storms, the peak and volume uncertainty
bounds for the two sensors do not overlap.

The effect of uncertainty between the sensors over the duration
of a storm is further illustrated in Fig. 7. This figure represents the
adjusted depth, velocity, and discharge, and the maximum upper
and lower uncertainty bounds of the storm with the best agree-
ment between sensors (4/16/2015). Although the sensors had the
highest level of statistical agreement for this storm event, and
adjustments to the storm data reduced the peak and volume
uncertainty of the sensors by an average of 11% and 28% respec-
tively, the stage, velocity and discharge still exhibit a large range
of uncertainty over the duration of the storm.

The demonstrated extent of discharge uncertainty has implica-
tions for watershed modeling and calibration. For example, when
calibrating a watershed model, the behavior and performance of
Table 4
Average daily volume summary.

Unadjusted Adjusted

Average Volume (cf) Uncertainty (±cf) Average Vol

Sensor 1 70,364 44,646 62,681
Sensor 2 147,823 145,772 138,768
Sensor 3 65,660 53,440 74,783

Fig. 7. Adjusted (A) depth, (B) velocity, and (C) discharge time series for storm event on 4
upper and lower bounds of combined uncertainty from the laboratory. The adjusted disc
any event recorded.
the model is evaluated through the comparison of simulated and
observed storm peaks and volumes. These uncertainties suggest
that as with the NSE, the peak and volume results from a simula-
tion should be viewed within the context of the uncertainty of
the data. One way to apply these results could be to use the range
of uncertainty illustrated in Fig. 7 to calibrate a watershed model,
where the simulated hydrograph would need to fall within the
upper and lower uncertainty bounds of the discharge time series
(Harmel and Smith, 2007).

Data from the field observations were also evaluated to deter-
mine the magnitude of uncertainty associated with average daily
flow volumes over the entire study period as a percentage of the
adjusted and unadjusted observations (Table 4). This shows a con-
siderable amount of uncertainty, with the unadjusted uncertainty
bounds constituting between 63% and 99% of average daily volume.
However, the magnitude of these values may be affected by the
baseflow stage and velocity conditions at the field site which, dur-
ing dry periods could be less than the combined uncertainty. To
test this hypothesis, the average volumes and uncertainties using
only discharge data during storm events were computed, and it
was found that this resulted in an average decrease of 28% of the
uncertainty as a percentage of the average volume.

The average daily volumes of the unadjusted and adjusted
equations vary widely between the three sensors. For example,
Sensor 2’s unadjusted average daily volume is 2.1 times greater
than Sensor 1’s, and its adjusted volume is 2.2 times greater. As
with the stormflow measurements, these results suggest that
although the uncertainty is reduced from the unadjusted to the
adjusted data, the adjustments to the stage and velocity measure-
ments do not produce more agreeable average volumes over the
study period. These results illustrate the impact that uncertainty
can have on calculations and subsequent decisions that are
dependent upon flow volumes, such as the estimation of pollu-
tant loads, or the volume reduction capabilities of a stormwater
BMP.
Uncertainty as % of Average

ume (cf) Uncertainty (±cf) Unadjusted (%) Adjusted (%)

36,122 63 58
97,336 99 70
53,108 81 71

/16/2015 with observations from three depth sensors, two velocity sensors, and the
harge observations for this storm event had the highest Nash–Sutcliffe Efficiency of
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6. Conclusions

The propagation of the laboratory benchmarked depth and
velocity uncertainty to unadjusted field discharge measurements
resulted in discharge uncertainties of between 13% and 107% of
the observation during storm events and baseflow conditions
respectively for Sensor 1, and between 34% and 256% for Sensor
2. McIntyre and Marshall (2008) report ADV uncertainty as ±20%
of the observation, and Heiner and Vermeyen (2013) report devia-
tions of �54.6% to +62.4% of venturi meter discharges for all ADVs
and ADCPs tested, with some of the sensors producing consider-
ably better results. These values contrast with the manufacturer
reported discharge uncertainties of ±2.4–26% for Sensor 1 based
on Eq. (8), and ±2% for Sensor 2 based on the probable error range.

This study was constrained to the use of three depth sensors
and two velocity sensors in the field, but discharge measurements
with lower uncertainties than those reported in this study appear
to be a possibility; further experimentation is needed to bench-
mark the relationship between laboratory and in-pipe uncertainty
using additional sensors. Furthermore, ultrasonics and pressure
transducers are used widely as depth ranging devices for structural
discharge measurement techniques (e.g. weirs and flumes); further
research is needed to determine the effects of depth observation
uncertainty on discharge estimation using these devices. It should
not necessarily be inferred that the technology underlying the sen-
sors used in this study is not suitable for measuring storm sewer
discharge, but rather that conditions in storm sewers provide chal-
lenges to accurate water flow measurement that laboratory results
may not be able to account for.

This was evident in the lack of agreement between depth obser-
vations in the field, even after the transformation equations from
the laboratory were applied. It was thought that these adjustments
would reconcile sensor observations to each other in the field, but
the transformation had little effect, and in some cases caused fur-
ther disagreement. This could be an artifact of the hydraulic condi-
tions in the rectangular culvert caused by the upstream transition
from dual circular culverts, though this was not possible to deter-
mine. Storm sewer operators who choose to use autonomous flow
sensors in difficult (or dangerous) to access locations will have the
same problems verifying sensor measurements with direct obser-
vations. As such, the balance between ease-of-access and hydraulic
stability should be considered during planning so additional equip-
ment can be purchased if necessary.

The implications of the uncertainties reported in this research
for stormwater science vary based on how a sensor is used. An
inflow vs. outflow study of a stormwater BMP would need to con-
sider the uncertainty of the instruments used while determining if
there was a statistical difference between inflow and outflow vol-
ume, peak flow, and pollutant load (if measured). If a sensor is used
as the baseline for model calibration and validation, there are two
important implications. First, uncertainty of the sensor should be
considered when deciding how ‘‘good,” a goodness-of-fit metric
needs to be (Dotto et al., 2014; Harmel et al., 2010). Second, if
the model is being used to test the effect of a treatment in a pre-
vs. post-BMP implementation (i.e. longitudinal) or a treatment
vs. control (i.e. paired watershed) study, the uncertainty of the sen-
sor may subsume any effects that the treatment is hypothesized to
have.

For urban stormwater management, the importance of observa-
tion uncertainty in BMP studies and hydrologic modeling is com-
pounded in the TMDL program, where numeric effluent limits
called waste load allocations (WLAs) are developed for MS4 juris-
dictions based on calibrated hydrologic models, and stormwater
BMPs with a regulator-defined reduction efficiency are prescribed
as the means by which these WLAs are met. Margins of safety as
percentages added to TMDLs (Dilks and Freedman, 2004), and vol-
ume reduction percentages ascribed to BMPs (Geosyntec
Consultants and Wright Water Engineers, 2011) are relatively
inconsequential if the instruments used for TMDL model calibra-
tion and BMP testing have discharge observation uncertainties as
reported in this study and others. As such, both the precedent for
stormwater regulatory compliance in urban areas, and the compli-
ance methods therein are contingent on discharge measurements
that are attributed a level of certainty that the results of this study
suggest may not be appropriate.
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