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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 cm and 96% within ±2 cm. These results could be

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

Introduction 1

Increased urbanization around the world comes with less pervious surfaces and higher 2

peaks of stormwater outflow following rainfall. Detrimental consequences include 3

increased flooding, stream bank erosion, and pollutant loads among many others [1–5]. 4

Many stormwater control measures have been designed and implemented in the field to 5

mitigate stormwater detrimental effects (reviewed by [6]). In urban environments, there 6

are numerous stormwater outlets where installing and maintaining traditional sensors to 7

calculate flow is difficult and expensive. Image-based methods offer the possibility for a 8

more accessible, cost-effective, and possibly more accurate alternative, although it 9

comes with its own challenges. 10

In hydrology, computer vision has been used for measuring water level and water 11

surface velocity [7–25], and images are being used as an active monitoring tool 12

(e.g., [26, 27]). Image-based measurements are then used to estimate discharge, i.e., the 13

volume of water passed by a point per unit time [28–36]. Image-based methods offer 14

benefits over traditional techniques, including non-contact sensing, access to the velocity 15
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field at the surface of the water, access to additional information about environmental 16

conditions, visual verification, access to the ‘raw’ data, and openness to reanalyzing 17

images using improved algorithms and developments [27,28,37–39]. Additionally, the 18

development of communication networks has opened new possibilities to the field, such 19

as the possibility of distant data interpretation or cloud computing [40,41]. This 20

subsequently obviates the need for field calibration and high-level maintenance at short 21

periodicity, requiring fewer field maintenance visits from high-skill personnel [40]. 22

Traditional machine vision techniques (i.e., not using machine learning) have 23

classically been used to measure water level in relatively calm 24

waters [7, 12,14,16,22,23,28,42–45]. Recently and for example, Chapman et al. (2022) 25

presented details of the GRIME2 water level detection system for small streams [37]. 26

The software’s lab results showed an accuracy of ±3 mm (at the USGS standard level) 27

for 80% of the time [46]. Field results, obtained from a tidal marsh in North Carolina, 28

also estimated the accuracy to be within ±3 mm 70% and ±5 mm 90% of the time [27]. 29

Most other studies report values within ±10 mm [9,40,47–51]. 30

The measurement of stage is most often used to compute discharge, although this 31

method is not always ideal [52]. In many cases, the velocity of water is also needed to 32

compute discharge. Currently, two categories of methods are used for measuring water 33

surface velocity based on images: motion estimation and feature-point tracking [13]. 34

Additionally, Deep learning models have also been used to measure the velocity of water 35

in coastal areas, based on principles similar to motion estimation methods [18]. Motion 36

estimation methods track changes at the pixel level over short time intervals and include 37

approaches such as optical flow [53], block matching [54], correlation [55], and 38

spatio-temporal orientation [13,56]. The second category, including the methods of 39

Particle Image Velocimetry (PIV) and Particle Tracking Velocimetry (PTV) as well as 40

their extensions, estimates the displacement of particles in short time intervals and 41

assumes that they have the same velocity as the water [57,58]. These methods, 42

although useful with streams and storm sewer systems with floating objects, are not 43

fully workable with stormwater outlets. This is due to the difficulties of seeding the 44

water surface and that debris is washed away during the very first moments. In such 45

situations, measuring stage and using a stage-discharge relationship, or employing 46

approximate methods based on stage from open channel flow hydraulics, are a much 47
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more viable option, especially given the volatile nature of the flow from the system. 48

Given the highly variable contextual conditions in field images, deep learning 49

approaches may be a suitable choice for water stage monitoring, compared to classical 50

computer vision techniques. Instead of relying on fixed operations that could impose 51

assumptions (e.g., lighting and contrast conditions) ill-suited to the problem’s condition 52

and could fail to adapt accordingly, deep learning models utilize a layered, complex 53

architecture. This approach leverages the versatility from images of the object to 54

develop a better and more generalizable abstraction. Not surprisingly, deep learning 55

approaches have been reported in image-based hydrological monitoring. 56

Pan et al. (2018) reported on a deep learning system for water level detection and 57

surveillance [40]. The system comprised of three layers: the data acquisition layer, the 58

transmission layer, and the application layer, each containing several modules with four 59

interaction interfaces between layers. The system’s performance was compared to two 60

other methods of water level estimation, namely the difference method and the 61

dictionary learning. The results indicated that the deep learning model was more 62

accurate and robust. 63

Gupta et al. (2022) proposed a ranking system for stream stages based on 64

convolutional neural networks (CNN) [59]. The model was primarily designed for areas 65

lacking observational data and it helped expand the application of image-based stream 66

monitoring by reducing the requirements both for training data and recorded variables. 67

As a result, the model was able to replicate the trends generated by a regression model. 68

Nevertheless, computed discharges were shown to be highly dependent on the 69

distribution of the flows produced by the model. 70

Stormwater is often routed in circular pipes and culverts, until it is discharged into 71

receiving bodies, i.e., often directly into the receiving streams or ponds. So far, 72

image-based stormwater monitoring methods have mainly used images and videos 73

recorded from inside culverts [13,35,47,60]. However, these areas are typically hard to 74

reach, which makes mounting and maintaining the cameras less practical, if not 75

impossible. Moreover, the presence of hazardous chemicals, as well as the turbulent 76

condition of the water during flow events, could deteriorate cameras’ life cycle and 77

impede observation when it is needed. Given these perils, it makes sense to place the 78

camera outside the environment. Conversely, positioning the camera outside the outlet 79
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pipes could make the method more practical, given the restrictions in field conditions. 80

Also, because of their circular pattern, culverts and pipes have the potential to be 81

automatically recognized using machine vision approaches. Lastly, the fact that the 82

discharge may, in perched conditions, exhibit a recognizable parabolic free fall pattern 83

from a pipe or culvert could be helpful in calculating the discharge [61]. 84

In this manuscript, we explored the use of a CV-ML approach to automatically 85

measure the water stage at the mouth of stormwater outfall into streams from images 86

taken by inexpensive time lapse cameras. Regarding that, flow rates can first be 87

approximated using the measured stage and a stage-discharge rating curve or Manning’s 88

equation. To evaluate the model’s performance, we compared the model’s ability to 89

measure the diameter of the empty culvert under variable lighting conditions, and, the 90

model’s ability to measure water level as compared to measurements performed by the 91

human eye. 92

Methods 93

To determine the water level at stormwater outlet round culverts, an instance 94

segmentation model based on the Mask R-CNN architecture was developed [62]. 95

Specifically, the model was trained to detect the empty area delimited by the culvert’s 96

boundaries from images where no flow occurred, and also from images when there was 97

water and flow in the pipes based on images captured from the field. Then, by 98

subtracting the height of the empty area from the diameter of the empty culvert, we 99

calculated the water level (Fig 1). 100

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 101
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configurations are provided. Initially, the concept behind the model is explored through 102

a discussion of the evolution of region-based convolutional neural networks (R-CNN) 103

from their inception to the development of the Mask R-CNN, with the novelty and 104

significance of the model being highlighted. Next, the implementation, including a 105

discussion on the feature extractor and training configurations, was provided. In the 106

final section, details about data collection and annotation, as well as the preprocessing, 107

are presented. 108

Model architecture 109

The region-based convolutional neural network (R-CNN) architecture was first 110

introduced as a simple and efficient approach for both object detection and semantic 111

segmentation in images and videos [63]. Its key novelty lies in its simplicity and speed, 112

while also significantly improving object detection accuracy over previous 113

state-of-the-art (SOTA) models. This model works by generating region proposals over 114

the entire image, feeding those regions into a convolutional neural network to extract 115

features corresponding to each region, and then using two fully connected heads, along 116

with dedicated support vector machines, to find the class and the coordinates of the 117

refined region. Lastly, non-maximum suppression is used to remove highly overlapping 118

and duplicate regions, while confidence score thresholding filters out the remaining 119

regions in favor of the desired objects. 120

Here, region proposals are rectangular areas with a likelihood of containing an 121

object, and features are abstractions generated by the CNN from the provided input. 122

Additionally, ‘heads’ refer to parts of the architecture from which an output is 123

generated. The term ‘fully-connected’ refers to the fact that the output is generated by 124

considering the entirety of the input provided to the last stage, as opposed to the 125

‘convolutional’ approach, which considers regional data when providing an output. 126

Using fully-connected heads also has mathematical justification given their full matrix 127

representation provides flexibility to obtain the desired dimensions for the output while 128

the banded representation of the convolutional layers is incapable of accommodating 129

such flexibility. 130

The next generation of this model, called Fast R-CNN, was introduced with 131
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substantial improvement in training and inference speed [65]. Unlike R-CNN, which 132

generates region proposals over the original image, Fast R-CNN generated them after 133

the feature extractor, reducing the computational burden for each image to a single 134

pass. This efficiency gain is further amplified by using deeper feature extractors like 135

VGG16 [64], which provide richer features for downstream components, leading to 136

increased accuracy. While deeper features might have increased processing time, the 137

efficiency of processing each image only once offset this cost. 138

Next, the Faster R-CNN architecture was introduced, which was an improvement 139

upon its predecessors primarily thanks to the incorporation of the Region Proposal 140

Network (RPN) [66]. Unlike previous generations that relied on external tools for 141

generating region proposals, this network has a dedicated component — the RPN — 142

for this task. This allows the RPN to learn and improve through training data and 143

backpropagation, leading to more precise region proposals and, consequently, a more 144

accurate model output. In our case, this corresponds to finding in an otherwise ‘busy’ 145

image the region where the stormwater culverts are located. Additionally, compared to 146

previous generations, this model introduced significant improvements in both training 147

and inference speed. 148

The Mask R-CNN model is considered as an extension of the Faster R-CNN 149

architecture, providing SOTA instance segmentation by adding a segmentation head 150

parallel to the classification and object detection heads already present in the Faster 151

R-CNN architecture. Its novelty lies in the introduction of the ROIAlign layer, which 152

employs bilinear interpolation instead of the pooling operation to precisely preserve the 153

locations of region proposal boundaries. Regarding that, the ROI is divided into bins 154

and pixels overlapping each bin are represented by a sample point. Then, the value of 155

each point is computed through a bilinear interpolation from neighboring grid points. 156

This contrasts with the ROIPool layer in Fast R-CNN architecture, which quantizes and 157

aggregates region proposals, typically using max pooling, potentially leading to 158

misalignment. As a result of this innovation, Mask R-CNN has achieved a relative 159

improvement in mask prediction accuracy ranging from 10% to 50% [62]. In our case, 160

this would apply on the ability on the model to find the empty area inside a culvert. 161

Given the complexity of real-world image data and the turbulent nature of water 162

flowing out of culverts, we chose the Mask R-CNN model due to its robustness and 163
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better accuracy over other instance segmentation models. 164

Implementation 165

The Mask R-CNN model used in this study was downloaded as part of the TensorFlow 166

Model Garden [67] and the TensorFlow Object Detection API [68]. These platforms 167

provide models pre-trained on large datasets, such as ImageNet [69], therefore they 168

include weights generalizable to most applications. However, the unoccupied area of the 169

outlet is not a category included in any of the foundational object detection and 170

classification datasets, therefore we needed to fine-tune the model using a dataset 171

curated for that purpose. 172

The Mask R-CNN network is composed of the following components (Fig 2): 173

• Feature extractor network 174

• Region Proposal Network (RPN) 175

• Region of Interest alignment and aggregation (ROIAlign) layer 176

• Second-stage box and mask prediction network, comprising a Fast R-CNN object 177

detector network along with a mask head. 178

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 179

abstraction of the input, called feature map, through a cascade of convolution and 180

pooling operations. The initial layers of the feature extractor network handle low-level, 181

general features, while the deeper layers address more high-level features due to the 182

increased receptive field of these layers [70]. In this context, networks that are 183
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pre-trained on extensive datasets have developed a robust understanding of low-level 184

features. Therefore, fine-tuning based on these features leads to more robust feature 185

extraction, which in turn enhances the network’s accuracy and convergence rate. This 186

approach also saves time and computational resources compared to the random 187

initialization of network weights. 188

Subsequently, deeper networks are more capable of developing contextual 189

understanding, and thus better feature extraction, due to the wider receptive field they 190

acquire in their later layers. However, this advantage comes at the cost of increased 191

training and inference time. Therefore, there is a trade-off between speed and accuracy 192

with respect to feature extractors: lighter networks, such as MobileNets [71], incur a 193

lower computational burden and thus offer a higher processing rate. On the other hand, 194

deeper networks like VGG16 [64] are better equipped to deliver richer features and, as a 195

result, lead to higher accuracy. However, this comes with a reduction in processing rate 196

and time. In this study, given the complexities of the scenes and the required precision, 197

we opted for the Inception-ResNet-V2 [72] feature extractor which was shown to provide 198

more robust features than lighter networks [73]. Apart from the network design and the 199

geometric principles behind using feature extractors, the conversion of images into 200

feature maps can also be viewed from a machine learning and optimization perspective. 201

This is because they are taught to conform with the empirical risk relationship 202

designated for the network, which is a significant aspect of DNNs and neural networks 203

in general. 204

The network was configured to work with an input image size of 1024× 1024 pixels. 205

It was designed to detect and segment only one class of objects, which is the unoccupied 206

area of the outlet. The network was trained using a batch size of 2 for 15 epochs, 207

amounting to approximately 10,000 iterations. ‘Batch size’ refers to the number of 208

inputs fed into the network during each iteration of network’s weight optimization, and 209

‘epoch’ refers to the number of times the entire training dataset is used to train the 210

model (optimizing the network weights). Also, the reason the training dataset is divided 211

into batches during training is due to memory management considerations, as each 212

input amounts to more than a million data points and, given the network’s number of 213

parameters, it incurs a high computational cost. In this study, due to the high 214

resolution of the inputs and the limitations on the available graphics processing unit 215
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(GPU), using batch sizes larger than 2 was not feasible and led to memory overflow. 216

During training, the empirical risk for each Region of Interest (ROI) is computed 217

using the multi-task loss function [62]: 218

L = Lcls + Lloc + Lmask (1)

where L represents the empirical risk or the total loss, Lcls represents the 219

classification loss, Lloc represents the bounding box localization loss, and Lmask 220

represents the mask loss, which characterizes instance segmentation accuracy. To 221

compute the classification loss, the general method involves computing the output of the 222

logistic regression, which in this case is done through the Softmax function, and then 223

computing the loss using the cross-entropy loss function [65]: 224

L(p, u) = − log pu (2)

pu =
esu∑k
i=0 e

sk
(3)

where, L(p, u) represents the ROI classification loss, computed through the 225

cross-entropy function, and pu denotes the logistic regression value of the true class 226

label, computed using the Softmax function. Also, su and sk represent the outputs of 227

the classification head’s fully-connected layer for the true class label and for all the class 228

labels, respectively. 229

The bounding box localization loss Lloc is also computed using the following 230

equation [65]: 231

Lloc = λ1[u ≥ 1]Lloc(t
u, v) (4)

where λ1 is the weight controlling the contribution of the localization loss to the 232

overall loss, tu represents the model’s localization output for the true class label, v is 233

the true localization label, and [u ≥ 1] is the indicator function, ensuring that only 234

correct class detections contribute to the loss computation. In this study, the 235

localization weight was set equal to 2. 236

The term Lloc(t
u, v) is defined as the smooth L1 loss, given by:: 237
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Lloc(t
u, v) =

∑
i∈x,y,w,h

smoothL1
(tui − vi) (5)

where tui and vi are respectively defined as (tux, t
u
y , t

u
w, t

u
h) and 238

(vx, vy, vw, vh). Here, tx and ty represent scale-invariant shifts in x and y directions, 239

respectively, and tw and th denote the log-scale changes in the width and height of the 240

bounding box. For example, the definition for tx and tw is as follows: 241

tx = (xp − xc)/w

tw = log(wp/w)

(6)

Here, xp and xc respectively represent the predicted and the current x coordinates of 242

the bounding box center. Similarly, wp and w respectively denote the predicted and the 243

current width of the bounding box. It should be noted that the network computes the 244

entries of ti and the predicted values are to be computed based on these entries. 245

In Eq (5), the smoothL1 function is also defined as follows [65]: 246

SmoothL1
(x) =


0.5× x2 if|x| < 1

|x| − 0.5 otherwise

(7)

Finally, to compute the mask loss Lmask, the Sigmoid function is applied to each 247

pixel within the binary mask. Then, the binary cross-entropy loss for each pixel is 248

computed, and the mask loss is calculated as the average of these pixel losses. Here, the 249

Sigmoid function is defined as: 250

S(x) =
1

1 + e−x
(8)

where e is the Euler number. 251

Note that although the binary mask and the loss are initially computed for all 252

classes, only the loss corresponding to the ground-truth class label is used for the mask 253

loss term, and the losses for other classes are discarded [62]. In this study, the mask loss 254

also had the biggest contribution to the total loss, with a weight set to 4. 255

The stochastic gradient descent (SGD) optimizer was used during training to 256

fine-tune the initial weights. In addition, a cosine learning rate scheduler, with an initial 257
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learning rate of 0.008 and a 10% initial warm-up step, was employed to enhance the 258

model’s convergence during training. Here, the learning rate denotes to the step size the 259

optimizer takes when moving toward a solution with minimum empirical risk. 260

Regarding that, the learning rate is set higher during the initial steps of the 261

optimization process, assuming the minimum is not very close to the current values, to 262

expedite the search process given the first-order nature of the gradient descent method. 263

Subsequently, the learning rate decreases through the rest of the steps until reaching a 264

pre-defined final step size [74]. 265

In addition to batch normalization [75], which is integrated into the network design 266

to improve stability and convergence, two other regularization methods, namely L2 267

regularization and dropout [76], were also utilized. L2 regularization is a common 268

technique used with iterative optimization approaches, like training machine learning 269

and deep learning networks, to avoid overfitting. As a result, the model could generalize 270

better to unseen data while it forces the model to take smaller weights. To implement 271

this method, the term λ
∑

i w
2
i is added to the network’s loss function, where λ 272

represents the regularization parameter and wi the model weights. Dropout is also 273

another technique that helps prevent overfitting. Applied to fully connected layers 274

during training, it randomly deactivates a portion of neurons. This forces the model to 275

rely less on individual neurons, thereby improving its robustness. 276

Dataset and training 277

The image dataset used to train the network was collected from three different sites in 278

Raleigh, North Carolina (Fig 3). The dataset also includes images of a lab stormwater 279

outlet prototype, as well as images downloaded through Google Images licensed under a 280

Creative Commons (CC) agreement. For testing the network, images from a fourth site 281

were used. 282

All images were taken using two brands of game cameras: HyperFire 2 Professional 283

Covert IR Camera (RECONYX, Holmen, WI, USA) and A252 Trail Camera 284

(Blazevideo, Kaysville, UT, USA). The RECONYX camera has a resolution of 285

2048× 1440 and uses an IR sensor and IR illumination to provide high-quality night 286

images. The Blazevideo camera has a resolution of 3840× 2160 and uses a color night 287
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vision sensor. The images include day and night images, as well as images with and 288

without flow. The flow images were taken during dark, rainy weather, i.e., prevalent 289

conditions when stormwater flow occurs (Fig 3). 290

(a) (b)

(c) (d)

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; (c) Edward Mills Road site; (d) Motorpool site

To benchmark the performance of the Mask R-CNN model in correctly delineating 291

the unoccupied area of the outlet within its inner edges, images from the Centennial 292

Campus site (Fig 3b) were leveraged. However, given that this site wasn’t capable of 293

accommodating enough variety in flow, recordings from the Softball Field site (Fig 3a) 294

were used to evaluate the approach’s performance under field conditions. A chessboard 295

calibration pattern was also installed coplanar with the culvert pipe outlet to establish 296

the mapping between image coordinates (in pixels) and real-world coordinates (details 297

below; Fig 4). 298

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

Google Image Edward Mills Rd Motorpool Lab prototype Softball Total

11
(≈1%)

51
(≈4%)

104
(≈8%)

117
(≈9%)

1003
(≈80%)

1286
(100%)

Image annotations, i.e., manually delineating the empty area in culverts, with or 299

without flow, were performed using the RectLabel annotation tool, which is exclusive to 300
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