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Abstract

Stormwater systems, as infrastructure draining urban water runoff into water bodies,
are pivotal in preserving municipal functionality while they play an important
hydrological and environmental role. As such, the ability to reliably monitor stormwater
outflow in many locations could provide valuable information for water managers.
However, in most cases stormwater outlets have not been designed or installed to
facilitate the measurement of stormflow, leaving traditional contact-based velocity and
water level measurement techniques ill-suited to capture highly variable and turbulent
flows. We propose a non-contact alternative approach based on computer vision,
capable of quantifying discharge from images and videos obtained from cameras facing
the outlets. In variable lighting and on often ‘noisy’ images and videos, this approach
came with its own set of challenges, and classical computer-vision techniques did not

perform reliably and accurately. To solve these issues, we used the combination of
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computer vision and machine learning (CV-ML) techniques, using the round geometry
of culverts to our advantage. In our approach, the water stage at the outlet is
determined by calculating the difference between the height of the extracted shape of a
round culvert and the height of the empty area above water. Then, using a checker
board as a reference object, the measurements from images are converted into
real-world measurements. Finally, as a first approximation using rating curves, the
calculated water stage can be converted into discharge values. To evaluate the model’s
performance on stage measurements, two methods were considered. In the first, the
uncertainty on measurements was assessed by comparing the culvert diameter with that
of our CV-ML model calculated value. As a result, the model was on average capable of
making measurements within +1 ¢cm approximately 80% of the times. In the second
method, we compared measurements from our model to those ‘visually’ made from
images obtained during a flow event. For this method also the model estimated 63% of
the stage values within +1 c¢cm and 96% within £2 cm. These results could be

considered as satisfactory, especially considering the complexity of the field conditions.

Introduction

Increased urbanization around the world comes with less pervious surfaces and higher
peaks of stormwater outflow following rainfall. Detrimental consequences include
increased flooding, stream bank erosion, and pollutant loads among many others [1H5].
Many stormwater control measures have been designed and implemented in the field to
mitigate stormwater detrimental effects (reviewed by [6]). In urban environments, there
are numerous stormwater outlets where installing and maintaining traditional sensors to
calculate flow is difficult and expensive. Image-based methods offer the possibility for a
more accessible, cost-effective, and possibly more accurate alternative, although it
comes with its own challenges.

In hydrology, computer vision has been used for measuring water level and water
surface velocity [7H25], and images are being used as an active monitoring tool
(e.g., [26,27]). Image-based measurements are then used to estimate discharge, i.e., the
volume of water passed by a point per unit time [28+36]. Image-based methods offer

benefits over traditional techniques, including non-contact sensing, access to the velocity
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field at the surface of the water, access to additional information about environmental
conditions, visual verification, access to the ‘raw’ data, and openness to reanalyzing
images using improved algorithms and developments [27]2837-39]. Additionally, the
development of communication networks has opened new possibilities to the field, such
as the possibility of distant data interpretation or cloud computing [40L[41]. This
subsequently obviates the need for field calibration and high-level maintenance at short
periodicity, requiring fewer field maintenance visits from high-skill personnel [40].
Traditional machine vision techniques (i.e., not using machine learning) have
classically been used to measure water level in relatively calm
waters [7,[12}14}/16,[22}23}28,142H45]. Recently and for example, Chapman et al. (2022)
presented details of the GRIME2 water level detection system for small streams [37].
The software’s lab results showed an accuracy of £3 mm (at the USGS standard level)

for 80% of the time [46]. Field results, obtained from a tidal marsh in North Carolina,

also estimated the accuracy to be within 3 mm 70% and +5 mm 90% of the time [27].

Most other studies report values within £10 mm [9}[40L|47H51].

The measurement of stage is most often used to compute discharge, although this
method is not always ideal [52]. In many cases, the velocity of water is also needed to
compute discharge. Currently, two categories of methods are used for measuring water
surface velocity based on images: motion estimation and feature-point tracking [13].
Additionally, Deep learning models have also been used to measure the velocity of water
in coastal areas, based on principles similar to motion estimation methods [18]. Motion
estimation methods track changes at the pixel level over short time intervals and include
approaches such as optical flow [53|, block matching [54], correlation [55], and
spatio-temporal orientation |13}|56]. The second category, including the methods of
Particle Image Velocimetry (PIV) and Particle Tracking Velocimetry (PTV) as well as
their extensions, estimates the displacement of particles in short time intervals and
assumes that they have the same velocity as the water [57,58]. These methods,
although useful with streams and storm sewer systems with floating objects, are not
fully workable with stormwater outlets. This is due to the difficulties of seeding the
water surface and that debris is washed away during the very first moments. In such
situations, measuring stage and using a stage-discharge relationship, or employing

approximate methods based on stage from open channel flow hydraulics, are a much
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more viable option, especially given the volatile nature of the flow from the system.

Given the highly variable contextual conditions in field images, deep learning
approaches may be a suitable choice for water stage monitoring, compared to classical
computer vision techniques. Instead of relying on fixed operations that could impose
assumptions (e.g., lighting and contrast conditions) ill-suited to the problem’s condition
and could fail to adapt accordingly, deep learning models utilize a layered, complex
architecture. This approach leverages the versatility from images of the object to
develop a better and more generalizable abstraction. Not surprisingly, deep learning
approaches have been reported in image-based hydrological monitoring.

Pan et al. (2018) reported on a deep learning system for water level detection and
surveillance [40]. The system comprised of three layers: the data acquisition layer, the
transmission layer, and the application layer, each containing several modules with four
interaction interfaces between layers. The system’s performance was compared to two
other methods of water level estimation, namely the difference method and the
dictionary learning. The results indicated that the deep learning model was more
accurate and robust.

Gupta et al. (2022) proposed a ranking system for stream stages based on
convolutional neural networks (CNN) [59]. The model was primarily designed for areas

lacking observational data and it helped expand the application of image-based stream

monitoring by reducing the requirements both for training data and recorded variables.

As a result, the model was able to replicate the trends generated by a regression model.

Nevertheless, computed discharges were shown to be highly dependent on the
distribution of the flows produced by the model.

Stormwater is often routed in circular pipes and culverts, until it is discharged into
receiving bodies, i.e., often directly into the receiving streams or ponds. So far,
image-based stormwater monitoring methods have mainly used images and videos
recorded from inside culverts [13}[35[47,|60]. However, these areas are typically hard to
reach, which makes mounting and maintaining the cameras less practical, if not
impossible. Moreover, the presence of hazardous chemicals, as well as the turbulent
condition of the water during flow events, could deteriorate cameras’ life cycle and
impede observation when it is needed. Given these perils, it makes sense to place the

camera outside the environment. Conversely, positioning the camera outside the outlet
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pipes could make the method more practical, given the restrictions in field conditions.
Also, because of their circular pattern, culverts and pipes have the potential to be
automatically recognized using machine vision approaches. Lastly, the fact that the
discharge may, in perched conditions, exhibit a recognizable parabolic free fall pattern
from a pipe or culvert could be helpful in calculating the discharge .

In this manuscript, we explored the use of a CV-ML approach to automatically
measure the water stage at the mouth of stormwater outfall into streams from images
taken by inexpensive time lapse cameras. Regarding that, flow rates can first be
approximated using the measured stage and a stage-discharge rating curve or Manning’s
equation. To evaluate the model’s performance, we compared the model’s ability to
measure the diameter of the empty culvert under variable lighting conditions, and, the
model’s ability to measure water level as compared to measurements performed by the

human eye.

Methods

To determine the water level at stormwater outlet round culverts, an instance
segmentation model based on the Mask R-CNN architecture was developed .
Specifically, the model was trained to detect the empty area delimited by the culvert’s
boundaries from images where no flow occurred, and also from images when there was
water and flow in the pipes based on images captured from the field. Then, by

subtracting the height of the empty area from the diameter of the empty culvert, we

calculated the water level (Fig .

HF2 PRO_COUERT T

Fig 1. Model capturing an empty outlet (left) and the empty area of the partially filled
culvert (right)

In this section, details of the model, including the architecture, dataset, and training
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configurations are provided. Initially, the concept behind the model is explored through
a discussion of the evolution of region-based convolutional neural networks (R-CNN)
from their inception to the development of the Mask R-CNN, with the novelty and
significance of the model being highlighted. Next, the implementation, including a
discussion on the feature extractor and training configurations, was provided. In the
final section, details about data collection and annotation, as well as the preprocessing,

are presented.

Model architecture

The region-based convolutional neural network (R-CNN) architecture was first
introduced as a simple and efficient approach for both object detection and semantic
segmentation in images and videos [63]. Its key novelty lies in its simplicity and speed,
while also significantly improving object detection accuracy over previous
state-of-the-art (SOTA) models. This model works by generating region proposals over
the entire image, feeding those regions into a convolutional neural network to extract
features corresponding to each region, and then using two fully connected heads, along
with dedicated support vector machines, to find the class and the coordinates of the
refined region. Lastly, non-maximum suppression is used to remove highly overlapping
and duplicate regions, while confidence score thresholding filters out the remaining
regions in favor of the desired objects.

Here, region proposals are rectangular areas with a likelihood of containing an
object, and features are abstractions generated by the CNN from the provided input.
Additionally, ‘heads’ refer to parts of the architecture from which an output is
generated. The term ‘fully-connected’ refers to the fact that the output is generated by
considering the entirety of the input provided to the last stage, as opposed to the
‘convolutional” approach, which considers regional data when providing an output.
Using fully-connected heads also has mathematical justification given their full matrix
representation provides flexibility to obtain the desired dimensions for the output while
the banded representation of the convolutional layers is incapable of accommodating
such flexibility.

The next generation of this model, called Fast R-CNN, was introduced with
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substantial improvement in training and inference speed [65]. Unlike R-CNN, which
generates region proposals over the original image, Fast R-CNN generated them after
the feature extractor, reducing the computational burden for each image to a single
pass. This efficiency gain is further amplified by using deeper feature extractors like
VGG16 [64], which provide richer features for downstream components, leading to
increased accuracy. While deeper features might have increased processing time, the
efficiency of processing each image only once offset this cost.

Next, the Faster R-CNN architecture was introduced, which was an improvement
upon its predecessors primarily thanks to the incorporation of the Region Proposal
Network (RPN) [66]. Unlike previous generations that relied on external tools for
generating region proposals, this network has a dedicated component — the RPN —
for this task. This allows the RPN to learn and improve through training data and
backpropagation, leading to more precise region proposals and, consequently, a more
accurate model output. In our case, this corresponds to finding in an otherwise ‘busy’
image the region where the stormwater culverts are located. Additionally, compared to
previous generations, this model introduced significant improvements in both training
and inference speed.

The Mask R-CNN model is considered as an extension of the Faster R-CNN
architecture, providing SOTA instance segmentation by adding a segmentation head
parallel to the classification and object detection heads already present in the Faster
R-CNN architecture. Its novelty lies in the introduction of the ROIAlign layer, which
employs bilinear interpolation instead of the pooling operation to precisely preserve the
locations of region proposal boundaries. Regarding that, the ROI is divided into bins
and pixels overlapping each bin are represented by a sample point. Then, the value of
each point is computed through a bilinear interpolation from neighboring grid points.
This contrasts with the ROIPool layer in Fast R-CNN architecture, which quantizes and
aggregates region proposals, typically using max pooling, potentially leading to
misalignment. As a result of this innovation, Mask R-CNN has achieved a relative
improvement in mask prediction accuracy ranging from 10% to 50% [62]. In our case,
this would apply on the ability on the model to find the empty area inside a culvert.

Given the complexity of real-world image data and the turbulent nature of water

flowing out of culverts, we chose the Mask R-CNN model due to its robustness and
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better accuracy over other instance segmentation models.

Implementation

The Mask R-CNN model used in this study was downloaded as part of the TensorFlow
Model Garden [67] and the TensorFlow Object Detection AP [68]. These platforms
provide models pre-trained on large datasets, such as ImageNet [69], therefore they
include weights generalizable to most applications. However, the unoccupied area of the
outlet is not a category included in any of the foundational object detection and
classification datasets, therefore we needed to fine-tune the model using a dataset
curated for that purpose.

The Mask R-CNN network is composed of the following components (Fig :
e Feature extractor network

e Region Proposal Network (RPN)

e Region of Interest alignment and aggregation (ROIAlign) layer

e Second-stage box and mask prediction network, comprising a Fast R-CNN object

detector network along with a mask head.

~—» Mask head

Feature
Input — extractor +——= Feature map
network

ROIAlign Localization
) layer 1 head

» RPN network »  Proposals

Classification
head

Fig 2. Mask R-CNN architecture scheme (reference: Sky Engine AI Developer Blog))

The feature extractor network is a deep neural network (DNN) that generates an
abstraction of the input, called feature map, through a cascade of convolution and
pooling operations. The initial layers of the feature extractor network handle low-level,
general features, while the deeper layers address more high-level features due to the

increased receptive field of these layers [70]. In this context, networks that are
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pre-trained on extensive datasets have developed a robust understanding of low-level
features. Therefore, fine-tuning based on these features leads to more robust feature
extraction, which in turn enhances the network’s accuracy and convergence rate. This
approach also saves time and computational resources compared to the random
initialization of network weights.

Subsequently, deeper networks are more capable of developing contextual
understanding, and thus better feature extraction, due to the wider receptive field they
acquire in their later layers. However, this advantage comes at the cost of increased
training and inference time. Therefore, there is a trade-off between speed and accuracy
with respect to feature extractors: lighter networks, such as MobileNets [71], incur a
lower computational burden and thus offer a higher processing rate. On the other hand,
deeper networks like VGG16 [64] are better equipped to deliver richer features and, as a
result, lead to higher accuracy. However, this comes with a reduction in processing rate
and time. In this study, given the complexities of the scenes and the required precision,
we opted for the Inception-ResNet-V2 [72] feature extractor which was shown to provide
more robust features than lighter networks [73]. Apart from the network design and the

geometric principles behind using feature extractors, the conversion of images into

feature maps can also be viewed from a machine learning and optimization perspective.

This is because they are taught to conform with the empirical risk relationship
designated for the network, which is a significant aspect of DNNs and neural networks

in general.

The network was configured to work with an input image size of 1024 x 1024 pixels.

It was designed to detect and segment only one class of objects, which is the unoccupied
area of the outlet. The network was trained using a batch size of 2 for 15 epochs,
amounting to approximately 10,000 iterations. ‘Batch size’ refers to the number of
inputs fed into the network during each iteration of network’s weight optimization, and
‘epoch’ refers to the number of times the entire training dataset is used to train the
model (optimizing the network weights). Also, the reason the training dataset is divided
into batches during training is due to memory management considerations, as each
input amounts to more than a million data points and, given the network’s number of
parameters, it incurs a high computational cost. In this study, due to the high

resolution of the inputs and the limitations on the available graphics processing unit
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(GPU), using batch sizes larger than 2 was not feasible and led to memory overflow.
During training, the empirical risk for each Region of Interest (ROI) is computed

using the multi-task loss function [62]:

L= Lcls + Lloc + Lmask (1)

where L represents the empirical risk or the total loss, L.;s represents the
classification loss, L, represents the bounding box localization loss, and Ly,qsk
represents the mask loss, which characterizes instance segmentation accuracy. To
compute the classification loss, the general method involves computing the output of the
logistic regression, which in this case is done through the Softmax function, and then

computing the loss using the cross-entropy loss function [65):

L(p,u) = —log py (2)
eSu
Pu = (3)

Do €%

where, L(p,u) represents the ROI classification loss, computed through the
cross-entropy function, and p, denotes the logistic regression value of the true class
label, computed using the Softmax function. Also, s, and s represent the outputs of
the classification head’s fully-connected layer for the true class label and for all the class
labels, respectively.

The bounding box localization loss L, is also computed using the following

equation [65]:

Lioe = )\1[’& > 1]Lloc(tu7 v) (4)

where ) is the weight controlling the contribution of the localization loss to the
overall loss, t“ represents the model’s localization output for the true class label, v is
the true localization label, and [u > 1] is the indicator function, ensuring that only
correct class detections contribute to the loss computation. In this study, the
localization weight was set equal to 2.

The term Ljo.(t*,v) is defined as the smooth L1 loss, given by::
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Lo (t*,v) = Z smoothr, (' —v;) (5)

i€x,y,w,h
where ¢} and v; are respectively defined as (t, %y, t)) and
(g, Uy, U, vp). Here, t, and t, represent scale-invariant shifts in z and y directions,

respectively, and t,, and ¢, denote the log-scale changes in the width and height of the

bounding box. For example, the definition for ¢, and t,, is as follows:

ty = (xp — ) /w
(6)
tw = log(w,/w)
Here, =, and z, respectively represent the predicted and the current = coordinates of
the bounding box center. Similarly, w, and w respectively denote the predicted and the
current width of the bounding box. It should be noted that the network computes the

entries of ¢; and the predicted values are to be computed based on these entries.

In Eq (f)), the smoothy, function is also defined as follows [65]:

0.5 x 2% iflz] <1
Smoothyz, (z) = (7)

|z| — 0.5 otherwise
Finally, to compute the mask loss L;,4sk, the Sigmoid function is applied to each
pixel within the binary mask. Then, the binary cross-entropy loss for each pixel is
computed, and the mask loss is calculated as the average of these pixel losses. Here, the

Sigmoid function is defined as:

where e is the Euler number.

Note that although the binary mask and the loss are initially computed for all
classes, only the loss corresponding to the ground-truth class label is used for the mask
loss term, and the losses for other classes are discarded [62]. In this study, the mask loss
also had the biggest contribution to the total loss, with a weight set to 4.

The stochastic gradient descent (SGD) optimizer was used during training to

fine-tune the initial weights. In addition, a cosine learning rate scheduler, with an initial
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learning rate of 0.008 and a 10% initial warm-up step, was employed to enhance the
model’s convergence during training. Here, the learning rate denotes to the step size the
optimizer takes when moving toward a solution with minimum empirical risk.
Regarding that, the learning rate is set higher during the initial steps of the

optimization process, assuming the minimum is not very close to the current values, to

expedite the search process given the first-order nature of the gradient descent method.

Subsequently, the learning rate decreases through the rest of the steps until reaching a
pre-defined final step size [74].

In addition to batch normalization 75|, which is integrated into the network design
to improve stability and convergence, two other regularization methods, namely L2
regularization and dropout [76], were also utilized. L2 regularization is a common
technique used with iterative optimization approaches, like training machine learning
and deep learning networks, to avoid overfitting. As a result, the model could generalize
better to unseen data while it forces the model to take smaller weights. To implement
this method, the term A", w? is added to the network’s loss function, where A
represents the regularization parameter and w; the model weights. Dropout is also
another technique that helps prevent overfitting. Applied to fully connected layers
during training, it randomly deactivates a portion of neurons. This forces the model to

rely less on individual neurons, thereby improving its robustness.

Dataset and training

The image dataset used to train the network was collected from three different sites in
Raleigh, North Carolina (Fig|3]). The dataset also includes images of a lab stormwater
outlet prototype, as well as images downloaded through Google Images licensed under a
Creative Commons (CC) agreement. For testing the network, images from a fourth site
were used.

All images were taken using two brands of game cameras: HyperFire 2 Professional
Covert IR, Camera (RECONYX, Holmen, WI, USA) and |A252 Trail Camera
(Blazevideo, Kaysville, UT, USA). The RECONYX camera has a resolution of
2048 x 1440 and uses an IR sensor and IR illumination to provide high-quality night

images. The Blazevideo camera has a resolution of 3840 x 2160 and uses a color night
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vision sensor. The images include day and night images, as well as images with and

without flow. The flow images were taken during dark, rainy weather, i.e., prevalent

conditions when stormwater flow occurs (Fig (3.

Fig 3. Representative sample images from various sites at North Carolina State
University (NCSU) and surrounding areas: (a) Softball Field site; (b) Centennial
Campus site; (¢) Edward Mills Road site; (d) Motorpool site

To benchmark the performance of the Mask R-CNN model in correctly delineating

the unoccupied area of the outlet within its inner edges, images from the Centennial

Campus site (Fig were leveraged. However, given that this site wasn’t capable of

accommodating enough variety in flow, recordings from the Softball Field site (Fig
were used to evaluate the approach’s performance under field conditions. A chessboard

calibration pattern was also installed coplanar with the culvert pipe outlet to establish

the mapping between image coordinates (in pixels) and real-world coordinates (details

below; Fig Ié—_l[)

Table 1. Distribution of the images used for training the model

Google Image | Edward Mills Rd | Motorpool | Lab prototype | Softball | Total
11 51 104 117 1003 1286
(=1%) (=4%) (=8%) (~9%) (=80%) | (100%)

Image annotations, i.e., manually delineating the empty area in culverts, with or

without flow, were performed using the RectLabel annotation tool, which is exclusive to

January 9, 2025

13,36

288

289

290

291

292

293

N}
©

4

295

296

297

298

299

300



https://rectlabel.com/
http://creativecommons.org/licenses/by/4.0/
https://eartharxiv.org/

This manuscript is a preprint and has not been peer reviewed. The copyright holder has made the manuscript available under a Creative Commons Attribution 4.0 I nternational
(CC BY) license and consented to have it forwarded to EarthArXiv for public posting.

(b)

Fig 4. Representative images from the NC State University Softball site showing the
chess board pattern panel installed above and to the left of the culvert: (a) daytime
condition; (b) nighttime condition.

macOS operating system. The annotations were then exported and used in the Common
Objects in Context (COCO) annotation standard [77]. The training dataset included
around 1,300 annotated images, and the test dataset included around 700 images.

During training, to better represent real-world conditions, we randomly
pre-processed the images with three effects. The first effect applied Gaussian noise to
the images to simulate lower quality images. The second effect blended a white layer
with the original image to simulate fog. The proportion of the white layer and the
choice of image were both chosen randomly. The third effect added a changing number
of blurred circles to the images to simulate droplets or fingerprints on the camera lens.
These effects collectively helped to better represent what actually happens in the field
and in practice. This was especially helpful given the relatively small number of training
images, as it added more variety and therefore better prepare the network to deal with
real-world scenarios.

For testing, due to the sequential correlation between the images and in an effort to
create an inclusive, representative test dataset, the network was configured to randomly
select 10% of the images for testing. Also, to better understand the model’s performance
on unseen data, the testing phase was conducted three times to mitigate the effects of
random selection and ensure coverage of all situations encountered at the test site.

Table [2 presents the results for the median case in the COCO metrics format .
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Measurement methods

The water stage was calculated by the difference between the culvert diameter detected
using the Mask R-CNN model and calculated via ellipse fitting (step 1), and the
estimated distance between the top of the culvert and the water level detected using the
model mask (step 2). The actual measurements expressed in real world units were
performed thanks to fiducials (checkerboard) embedded in the images.

In step 1, we used our model to estimate the dimensions of a culvert outlet using
images of an empty outlet captured over the period of a day. Since the outlet appears
elliptical, its shape was estimated by fitting an ellipse to its inner edges. The measured
major and minor axes of these fitted ellipses were then used as replicated estimates of

the culvert diameter.

Ellipse fitting and measurements of an empty outlet

The dataset for this analysis includes 97 images from the Softball Field site taken
during a full day at every 15 minutes (Fig

To obtain measurements, the model first processes the image to extract a mask of the
culvert. In the next step, the model identifies the contour of the mask within the binary
image and fits an ellipse to this contour. This step was taken to simplify the subsequent
steps based on the geometrical knowledge we have about culverts. In this process,

drawing contours and fitting ellipses were performed through methods (functions)

provided by the OpenCV package with the implementation details provided below [78].

Theoretically, since the model outputs a binary image for the object mask, drawing
the contour involves calculating the gradients over the binary image and applying a
threshold to isolate nonzero values. To fit an ellipse to the contour points, several
approaches can be considered, depending on the characteristics of the contour points. In
this study, given that the contour points closely align with the shape of an ellipse, a
least-squares solution such as the LIN algorithm [79], which minimizes the algebraic
distance between the points and the fitted ellipse, or the direct least squares ellipse
fitting method [80] should provide a good approximation of the shape. Regarding that,

given the general quadratic equation for the conic sections:
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A2z® 4+ Bry+Cy* + Da+ Ey+F =0 (9)

Plugging points into the equation results in linear equations with respect to the
parameters. Arranging these equations in a matrix format and imposing the constraint
||Z||? = 1, where Z represents the coefficients vector and the notation ||.|| denotes the

second norm of the vector, the constrained objective function can be written as:

B =||Az|| - A(llz|* - 1) (10)

Where ) is the Lagrange multiplier. To find the coefficients minimizing the objective
function, we should take the gradient with respect to the coefficients vector and set it

equal to zero. As a result, we’ll get:

ViE =ATAZ - )T =0 (11)

To solve the above equation, we can use a method like the Singular Value
Decomposition (SVD) method and the result would be the eigenvector corresponding to
the least eigenvalue [79].

To compute the real-world measurements of the major and minor axes, the first step
is to find the axes’ endpoints. Since the ellipse’s rotation angle equals the angle between
its major axis and the vertical axis, as defined by OpenCV, we can easily compute the
minor axis angle by adding /2 radians to it, as the axes are perpendicular. Next,
having the lengths of both axes, we can calculate the offsets of their endpoints from the

ellipse center in the z and y directions using the following relations:

Az =L x cosf
(12)
Ay =L x sinf

Where L represents the length of the semi-major or semi-minor axis and 6 represents
their angle with the upward direction of the vertical axis. Finally, the end points
coordinates in image system is computed as [xg — Az, yo — Ay and [zo + Az, yo + Ay]
where xg and yy represent the coordinates of the center of the ellipse.

We then compared these estimates with actual measurements taken in the field to
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assess the model’s accuracy and performance. The time series nature of the image data
allows us to assess the model’s performance in two key areas: its adaptability to varying
lighting conditions across the day and its robustness in maintaining consistent

measurements over time.

Homography transformation to obtain real-world coordinates and

measurements

The next step is to transform all values from pixels into a real-world coordinate system.

For that, we employed a homography transformation, which is a linear transformation
in projective space [81]. To obtain the homography matrix, an embedded 4 x 4
chessboard pattern with 9 inner points was used as the reference object (Fig , and the
homography matrix was computed from these points based on the OpenCV package
implementation [78].

To obtain real-world coordinates from image points, we first convert the coordinates
from Euclidean to homogeneous form and arrange them as matrix columns. Next, we
multiply the inverse homography matrix by these homogeneous image coordinates to
obtain real-world coordinates in projective space. Since projective points are equivalent
up to a scale factor, the resulting coordinates will also be determined up to scale.
Finally, to recover Euclidean coordinates, we normalize each point by dividing its first
two components by its third component (the homogeneous coordinate). The
mathematical relationship between image points and their corresponding real-world

coordinates under homography transformation can also be expressed as follows:

u x hi1 hiz hiz| |z
v| =H |y| = |har hao hos| |y (13)
1 1 hz1 hza hsz| |1

Water level measurements at culvert outlets

During flow events, water appears at the bottom of the culvert, leaving an unoccupied
area above. Therefore, the full elliptic outline of the culvert does not appear in an
image any longer. The Mask R-CNN model was employed to detect the unoccupied area

of the outlet in an image or in each frame from a video. Subsequently, the homography
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transformation, based on the reference object in the image, was computed and applied
to the pixels within the object mask to map them to the real-world coordinate system.

This transformation was also applied to an outline of the outlet extracted from a
no-flow recording taken moments before the outflow began. Given that the fitted ellipse
to the outlet mask determines the location of the center, the lengths of the axes, and
the orientation of the ellipse in the image coordinate system, one can compute the
coordinates for a representative number of points on the ellipse based on its parametric
representation.

The parametric representation of an ellipse centered at (0,0) is given by:

r=a X cost
(14)
y=bxsint

where the variables a and b are respectively the semi-major and semi-minor axes,
and the variable ¢t ranges from zero to 27. In Euclidean 2D space, rotation is a linear

transformation and can be applied through the following matrix multiplication:

T cos —sinf T
= (15)
Y sinf  cosf y

Assuming the ellipse orientation equal to 6, the parametric form of the ellipse will

become:

2’ = xcosh —ysinh = acostcosf — bsintsinf

(16)
y = xsinf +ycos = acostsinf + bsint cosf
Finally, assuming the center of the ellipse is at (zg, o), the parametric
representation of the ellipse becomes:
T =x9+acostcos — bsintsinf
(17)

Yy =1+ acostsinf + bsint cosd

To generate points on the ellipse, one should divide the range of the variable ¢ into
the desired number of values and plug them into Eq . The generated points can

then be mapped to their real-world coordinates using the homography transformation
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obtained in the previous steps. Having the ellipse points in their real-world coordinates,
the height is calculated as the absolute difference between the maximum and minimum
y-coordinates of the points. Note that this step is necessary because the fitted ellipse’s
major and minor axes may not be aligned with the vertical axis, leading to the height

being a value between these two axes.

Performance assessment
Outlet diameter

We used our approach to estimate the dimensions of a culvert outlet using images of an
empty outlet captured over the period of a day. Since the outlet appears elliptical, its
shape was estimated by fitting an ellipse to its inner edges. The measured major and
minor axes of these fitted ellipses were then used to compare between instances. The
axes lengths gave two largely independent measurements of the same distances, i.e., the
culvert diameter. We then compared these estimates to actual measurements taken in
the field to assess the model’s accuracy and performance. The time series nature of the
image data allows us to assess the model’s performance in two key areas: its
adaptability to varying lighting conditions across the day and its robustness in

maintaining consistent measurements over time.

Water depth

To assess the performance of the model, an initial attempt was made to use
measurements from a Sontek 1Q| (Xylem, Washington, D.C., USA) flowmeter mounted
inside the culvert. However, this method did not yield robust results due to the highly
turbulent conditions and highly variable water level in the culvert (e.g., &= 5 cm in 1
sec), which the sensor was not able to capture. Furthermore, the flowmeter’s mechanism
required about 10 cm of water level above the sensor to start recording values, a
condition not met in many cases considered in this study. Using a staff gauge, typically
employed in stream water level monitoring, was also impractical due to the area’s
dimensional constraints and the turbulent condition of the water in the culvert.
Therefore, the only viable option was to visually verify the water level in each frame. To

facilitate this, and assuming the coplanarity between the checkerboard and the plane of
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the culvert face, a series of horizontal perspective lines were drawn as a guide to help m
the observer make an educated and potentially accurate judgment. s

To draw the perspective lines around the object mask, we first map the mask points 4w

to their real-world coordinates and extract the range of values in each direction. 447
Allowing for a leeway around the mask edges, the horizontal perspective lines span a4
between the maximum and minimum x-coordinates in the real-world system. By 449
converting both ends of the lines from the real-world coordinate system to the image 450
coordinate system using the inverse of the homography transformation, the lines are 451

obtained and can then be drawn on the image. Additionally, to aid in the visual reading s
of the water level, the levels corresponding to the midpoint and the top point of the 453
mask were highlighted with blue lines. Furthermore, counting lines from the midpoint s
level, every fifth line was marked with a red color for better differentiation. A view of  4ss

the outcome of these processes is shown in Fig[5] 456

Water level: 22.71 cm

distance represented by line poi;s: 2 cm

HF2 PRO_COVERT
Fig 5. Horizontal perspective lines over the unoccupied area facilitating visual

observation
In the processing pipeline, each frame is treated independently to avoid the 457
resonance effect of errors across different frames. Accordingly, the homography 458

transformation, as well as the mapping between the image coordinate system and the s
real-world coordinate system, is performed for each frame for both the object mask and 0

the culvert’s fitted ellipse. 461
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Results and Discussion

Segmentation model performance

Since our approach integrates two components — a deep learning model for detecting
unoccupied culvert areas and geometric transformations for real-world coordinate
mapping — its evaluation could be considered from both algorithmic detection accuracy
and geometric measurement precision perspectives. Following standard practices in deep
learning evaluation, we assessed the Mask R-CNN model’s detection accuracy using
COCO evaluation metrics, including average precision (AP) and average recall (AR).
These metrics are standard to object detection and instance segmentation tasks
evaluations, and are widely used by practitioners in the field to report their models’

results. In this context, precision and recall are defined as follows:

Precisio e
recision = ————
TP+ FP (18)
Recall (Sensitivity) = __Tr
VWS TP T FEN

Where TP indicates true positive detections, F'N denotes false negative detections,
and F'P is for false positive detections. As a result, the denominator of the recall
formula corresponds to the actual positive cases, while the denominator of the precision
formula represents all positive detections, irrespective of whether they are true or false.

Table 2] presents the model’s AP and AR metrics evaluated at different Intersection
over Union (IoU) thresholds. The AP reported in the table is computed by taking the
mean of precision values at different recall levels, i.e., the area under the precision-recall
curve. AR is also computed by taking the mean of recall values. Finally, the IoU is
defined as the ratio of the intersection between the ground-truth label and the

segmentation mask to their union.

Model performance in measuring outlet diameter

Results of the culvert diameter measurements in the field are reported in Fig [6]
expressed in pixel coordinates (Fig @ and Fig and in real world coordinates (Fig
and Fig . The scatter plots in Fig[6c| and Fig [6d|show that the size in pixels for the

minor axis is about 7% smaller than the major axis. This is expected as there was an
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Table 2. Model evaluation report on the test dataset using COCO metrics.
Performance is reported for three object size categories, considering the

maximum number of detections (maxDet) and the corresponding IoU threshold

or range.
Average Precision (AP) | @ IoU=0.50:0.95 area=all maxDets=100 | 0.841
Average Precision (AP) @ IoU=0.50 area=all maxDets=100 | 1.000
Average Precision (AP) @ IoU=0.75 area=all maxDets=100 | 0.981
Average Precision (AP) | @ IoU=0.50:0.95 | area=small | maxDets=100 | -1.000
Average Precision (AP) | @ IoU=0.50:0.95 | area=medium | maxDets=100 | -1.000
Average Precision (AP) | @ IoU=0.50:0.95 | area=large | maxDets=100 | 0.841
Average Precision (AP) | @ IoU=0.50:0.95 area=all maxDets=1 0.885
Average Recall (AR) | @ IoU=0.50:0.95 area=all maxDets=10 | 0.886
Average Recall (AR) @ ToU=0.50:0.95 area=all maxDets=100 | 0.886
Average Recall (AR) @ IoU=0.50:0.95 | area=small | maxDets=100 | -1.000
Average Recall (AR) | @ IoU=0.50:0.95 | area=medium | maxDets=100 | -1.000
Average Recall (AR) @ IoU=0.50:0.95 area=large | maxDets=100 | 0.886

angle between the camera axis and the culvert centerline, and that the culvert mouth
appeared as an ellipse on images. Upon perspective correction, the ellipse should
theoretically be converted back to a circle, and the major and minor axes should have
about the same dimensions.

The model shows consistency in its measurements throughout the day, under varying
lighting and environmental conditions. The model detected an outlier, clearly
recognizable in Fig[6d] which corresponds to the reflection of the culvert in the nearby
pond (Fig[7).

Fig [8] illustrates the errors in the axes measurements. Based on this, we can observe
that the majority of the major axis measurements tend to underestimate the size of the
diameter between zero and 1.5 centimeters, while the minor axis measurements appear

less biased, mostly having an absolute error value of less than 0.5 centimeters. Note that

for better visualization in the boxplots, the single outlier mentioned earlier was removed.

Upon closer examination of Fig[6a] and Fig[6D] one can see that the detection
patterns differ between day and night. To further investigate this difference visually, the
range of measurements for the major and minor axes during daytime and nighttime are

illustrated in Fig[9] Based on the plots, although the extent of the measured values’
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Fig 6. Major and minor axis lengths in the image coordinate system (a and b) and the
real-world coordinate system (c and d). Each point represents an image captured every
15 minutes in February 2024 from an empty culvert at the Softball site.

range is nearly the same, a pattern of underestimation is evident in night images,

especially pronounced for the major axis measurement. This is possibly due to the lack

of light and/or uneven distribution of the camera’s IR flash over the culvert edges.

Fig[6d and Fig[6d] reveal an underestimation pattern in the fitted ellipse’s major axis

measurements, while the minor axis measurements cluster around the actual value.

Several factors could contribute to this discrepancy.

One factor could be the effect of lighting conditions on the model’s detections.

Although the model maintains reasonable accuracy throughout the day, Fig 0] shows

that major axis measurements made during daytime are centered around the actual

diameter value (difference between median and the actual value < 1 mm) while the
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Fig 7. An example of a false positive detection: the model identified both a culvert and
its reflection in a pond.

Major Axis Error Minor Axis Error

Error (cm)
Error (cm)

T T T T
2024-02-03 2024-02-04 2024-02-03 2024-02-04

Date Date

(a) (b)
Fig 8. Boxplots of errors in real-world axis measurements: major axis (a) and minor
axis (b)

measurements at night are underestimated (median value 1 cm lower than actual one).
Another contributing factor could be the presence of intermittent environmental effects,
such as shadows caused by vegetation in the surroundings and changes in sunlight angle
and direction, as well as reflections from water. These factors can either mislead the

model to detect the reflection of the culvert instead of the culvert itself, as happened in

one instance, or alter the light pattern over the culvert, thereby deviating the model
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Fig 9. Boxplots of real-world measurements for the major and minor axes during day
and night

from more accurate detection by providing false contrast around the culvert.

It is interesting to observe that the dimensions of the minor axis are not as sensitive
to these factors as those of the major axis and are scattered around the reference values
within approximately 4+ 1 cm.

Camera settings could also play a role, though not evident from the analysis. Every
lens system has a degree of distortion, including radial and tangential. While tangential
distortion, which displaces points perpendicular to the radial direction from the
camera’s optical center, is often negligible, radial distortion, including barrel and

pincushion distortions, which moves points respectively closer or farther from the optical

center along a radial direction, is not typically negligible and should be considered [82].

As illustrated in Fig[] although the culvert is located near the center of the image,
limiting the effect of radial distortion on its representation, the presence of the
chessboard near the image borders indicates a situation where radial distortion could
have a significant effect. This distortion affects the accurate detection of inner points
used during homography estimation, which could then translate into errors in the
real-world measurements of the outlet area.

This highlights the importance of locating the reference object near the outlet.
While mounting the chessboard farther from the outlet makes it harder to align with
the culvert’s face, it also amplifies the effect of radial distortion, leading to more

significant errors in culvert area measurements. Additionally, having the outlet farther
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away amplifies any errors introduced by incorrect measurements of the reference points,
as these errors get magnified with distance. Nevertheless, it is important to
acknowledge the limitations imposed by field conditions, where ideal scenarios are not
always achievable.

In addition to the factors mentioned above, other factors like misalignment between
the chessboard and the outlet, caused by natural factors such as heavy rain, creep of the
reference object’s connection, and animal interference with the reference object, could
contribute to errors. However, measuring the effect of these factors requires regular field

inspections, as well as more advanced laboratory and numerical analyses.

Model performance in water level measurement at the outlet

To evaluate the proposed approach for water level measurement, two real-world
conditions were considered. First, to assess performance under turbulent conditions,
common in stormwater system outflows, we used footage from a turbulent outlet.
Second, we evaluated performance using footage of relatively calm outflow and
compared the results.

Fig illustrates the time series of the proposed approach’s measurements
alongside corresponding manual readings for the turbulent condition. As shown, at this
particular site (Softball field site on NC State University main campus), stormflow was
extremely turbulent, with water levels fluctuating by more than 10 cm within 5 seconds,
as evidenced by manual readings. This degree of rapid fluctuation would be difficult to
capture accurately using other sensors or instruments, such as those without stilling
wells.

Based on Fig[104] it is also observable that the model’s estimations closely track
visual measurements of the water stage. However, the model tends to overestimate the
water stage in most cases. The general overestimation of the Mask R-CNN model’s
predictions compared to the visual measurements is illustrated in Fig expressed as
the centimeter difference between the two. Based on the plot, 75% of the measurements
were overestimated by 0.4 to 1.2 cm. Comparing the water level estimation error range
in Fig with the error range observed for the major and minor axes measurements in

Fig[8] we see that the model exhibits a consistent pattern of forming the mask slightly
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Fig 10. Comparison of model-derived and visually observed water levels at the outlet
for (a) turbulent and (b) calm flow conditions

before the actual surface in both scenarios. This is manifested as a negative error in the
first method, as shown in Fig (8] and an overestimation of the water level during the
event shown in Fig

Fig shows the model-predicted and visually observed water stage time series for
the calm condition. Compared to the turbulent condition (Fig , the range of water
level fluctuations decreased to approximately 4 cm, less than half the range observed
under turbulent conditions. Subsequently, the error range (Fig is also noticeably
smaller and centered around zero, indicating less pronounced overestimation. However,

the positive skew of the boxplot suggests some overestimation persists.

Mask R-CNN Model Error Range - Turbulent Condition Mask R-CNN Model Error Range - Calm Condition

25 4 25

2.0 A 2.0 H

15 o 15 o

1.0

Error (cm)
Error (cm)
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0.5 - - 0.5
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Fig 11. Boxplots of model error relative to visual water stage measurements under (a)
turbulent and (b) calm flow conditions
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The results demonstrate the robustness of the proposed approach in tracking water
level fluctuations across different flow regimes. While increased turbulence has the
potential to introduce greater error, the approach exhibited satisfactory performance

even under highly turbulent conditions, as detailed in the turbulent flow analysis.

Conclusion

In this study, we report a proof of concept for a computer vision and machine learning
(CV-ML) approach based on the Mask R-CNN architecture to measure water level at
the outlets of stormwater culverts, from which one could calculate the discharge (error
on discharge not part of this article). The ML model shows that it is able to
satisfactorily detect the empty and flowing outlets from busy images with variable
lighting conditions, including day and night. To evaluate the approach’s performance in
real-world conditions in the field, two complementary methods were defined. In the first
method, the approach’s performance was tested from its ability to measure stormwater
culvert’s diameter during no flow from images taken during a day period in the field. In
the second method, its performance was evaluated on actual water levels measured
during turbulent and calm flow events. The results demonstrate satisfactory
performance, particularly considering the complexity of the conditions, with a maximum
overestimation in water stage of 0.8 + 0.4 cm. These promising results demonstrate the
potential of camera-based systems combined with machine learning to measure water

stage in stormwater outflows, offering a viable alternative in many instances.
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