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ABSTRACT

Overflows in urban drainage structures, or sewers, must be prevented on time to avoid their undesirable conse-
quences. An effective monitoring system able to measure volumetric flow in sewers is needed. Existing state-
of-the-art technologies are not robust against harsh sewer conditions and, therefore, cause high maintenance
expenses. Having the goal of fully automatic, robust and non-contact volumetric flow measurement in sewers,
we came up with an original and innovative idea of a vision-based system for volumetric flow monitoring. On
the contrast to existing video-based monitoring systems, we introduce a second camera to the setup and exploit
stereo-vision aiming of automatic calibration to the real world. Depth of the flow is estimated as the difference
between distances from the camera to the water surface and from the camera to the canal’s bottom. Camera-
to-water distance is recovered automatically using large-scale stereo matching, while the distance to the canal’s
bottom is measured once upon installation. Surface velocity is calculated using cross-correlation template match-
ing. Individual natural particles in the flow are detected and tracked throughout the sequence of images recorded
over a fixed time interval. Having the water level and the surface velocity estimated and knowing the geometry
of the canal we calculate the discharge. The preliminary evaluation has shown that the average error of depth
computation was 3 cm, while the average error of surface velocity resulted in 5 cm/s. Due to the experimental
design, these errors are rough estimates: at each acquisition session the reference depth value was measured only
once, although the variation in volumetric flow and the gradual transitions between the automatically detected
values indicated that the actual depth level has varied. We will address this issue in the next experimental
session.

Keywords: 3D reconstruction, stereo vision, particle tracking velocimetry, template matching, water discharge,
sewer systems, urban drainage structures

1. INTRODUCTION

Blockages or breakages of sewer lines, inflows of excessive storm water, malfunction of pumping stations or
electrical power failures may lead to sewer overflows (SOs). Upon the occurrence of any of the listed above
events, untreated waste-water is discharged from a sewer into nearby streams, rivers, or other water bodies prior
to reaching sewage treatment facilities. SOs pose a huge risk to the environment, as they contain not only
storm water but also untreated human and industrial waste, toxic materials and debris. Reaching water bodies,
pollutants threaten public health, endanger aquatic life and impair the use and enjoyment of waterways.1–3 To
avoid this problem, constant monitoring and quantitative and qualitative measurement of water flow in sewers
is needed.

Monitoring of sewer flows is challenging. Most of the state-of-the-art systems for volumetric flow measurement
used nowadays, such as positive displacement flow-meter,4 require intrusion into the flow. Taking into account
the demolishing nature of waste-water, such systems are usually short-lived in a severe sewer environment and
require regular maintenance. Moreover, such equipment is usually expensive, and, thus, its usage is limited.
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There are also non-invasive methods. One of them is ultrasonic flow-meter.5 It measures the level in a channel
by transmitting a pulse of sound from the the sensor to the flow surface and estimating the time for the echo to
return. However, this method is not robust against presence of foam, turbulence, floating debris, oil or grease.
Moreover, it is not recommended to use this method on wide channels due to beam spread.

In this work, we proposed a novel solution for automatic measurement of discharge in urban drainage struc-
tures. Our system relies on stereo vision and, thus, does not require a contact with waste-water, which makes its
maintenance rather simple. Equipped with an infrared lamp, it can provide robust measurements at any time
of the day.

2. RELATED WORK

An alternative non-intrusive vision-based solution was already proposed in two complementary works.6,7 The
authors of both papers developed together a system which is able to track volumetric flows in sewers with a
help of video cameras. According to the authors, the video camera setup is robust against instrumental loss and
does not require frequent maintenance. Volumetric flow rate is measured by combining image-based approaches
of water level measurement and surface velocity estimation. Despite relatively high accuracy of water level
estimation claimed by the authors (the root mean square (RMS) error varied from 1.33 cm to 4.61 cm compared
to the ground truth for different observations), there is a major inconvenience in the proposed technique relying
on the detection of water borderline in the images: the described scenario requires calibration relatively to the
world. For that calibration, special rulers need to be placed into the scene, and correspondences need to be
chosen manually by experts. This complicates the initial setup in the field and originates additional sources of
error.

3. MATERIALS AND METHODS

Introducing a second camera to the setup, we exploit stereo vision techniques to recover water level in sewers and
to achieve automatic calibration to the real world coordinates. Accompanied with velocity estimation module,
our system is able to provide accurate measurements of water discharge in the sewers with known geometry.

3.1 System architecture

Interaction between the components of our system for volumetric flow is organized as follows (Fig. 1): a browser-
based client software is used for initial system settings; entered by the user upon installation, location settings
(region of interest (ROI), location name and canal geometry) are transferred to the operational web-server, which
transfers the data to the storage and to the image processing software running on a single-board computer (SBC)
(communication circuit board), which, in turn, communicates with the sensors, or image recording hardware.
The recording hardware consists of a lighting element and two original equipment manufacturer (OEM) cameras
(Fig. 2a). The recording device is placed into a sewer (Fig. 2b) and image sequences are acquired according to
the specified schedule. The produced photographic data is then transferred to the SBC for further processing.
The image processing is performed by custom software implemented in C++. The general algorithmic pipeline of
discharge computation involves two major steps: depth reconstruction and surface velocity computation (Fig. 3).

The outcomes of the image processing pipeline are interpreted in terms of real world values and compared to
the reference values. Based on this step, a decision is made, whether a danger of an overflow event has occurred
and, if necessary, notification is sent to the user. All determined values together with recorded images are saved
in the storage and are available to the user upon request through the client application.

An additional camera calibration software is used once on the side of the manufacturer before releasing a
product item to correct for lens distortion and to determine the relation between the cameras natural units
(pixels) and the real world units (millimeters). The results of camera calibration are included in the system
configuration file.
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Figure 1: Interaction between the system’s components.

3.2 Discharge

In order to measure volumetric flow Q in a sewer system, it is necessary to know the cross-sectional area of the
canal A and mean surface velocity ν̄. The value of volumetric water discharge can be then approximated by the
product of these two parameters:

Q = ν̄ A(l). (1)

The value of A depends on the current water level l detected automatically and the geometry of the canal.
All parameters necessary for the computation of A except l shall be given upon the system installation (due to
the fact that the canal profiles are usually standardized, this task is reduced to the selection of the correct profile
in the user settings). Thus, the basic milestones of the automatic volumetric flow computation shall be finding
the water level l and the velocity ν̄.

(a) Camera prototype. (b) Placement of a prototype into an open canal.

Figure 2: Recording hardware.
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Figure 3: General algorithmic pipeline.

3.3 Camera calibration

Camera calibration is a crucial step needed to be accomplished in order to obtain accurate results of depth
estimation and other image processing steps, as well as to produce a reference value for conversion between the
image coordinate system and the world coordinate system. With a chessboard camera calibration8 the intrinsic
and extrinsic parameters are estimated for each camera.

The intrinsic parameters are internal parameters of each camera such as focal length f expressed in pixel units,
skew coefficient s between the x and the y axis, principal point with coordinates cx and cy and image distortion
coefficients (radial distortion coefficients k1, k2, k3, k4, k5, and k6 and tangential distortion coefficients p1 and
p2). Using these parameters, we correct the original 2D images for distortion effects caused by imperfections of
optical systems. If not treated, these effects can undermine the accuracy of the follow-up depth estimation and
surface velocity measurement. In order to get an undistorted image, each pixel in this image is mapped to its
correct position using the Brown–Conrady distortion model, which adds a tangential component to the radial
distortion.9

The extrinsic parameters define the position of the camera center and the camera’s orientation in world
coordinates. The position of the camera c is expressed as a negative product of inverted camera rotation matrix
R and the position t of the origin of the world coordinate system expressed in coordinates of the camera-centered
coordinate system:

c = −R−1t. (2)
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By knowing the positions of two cameras in the real world coordinate system and their corresponding locations
in the image coordinates, we can find a factor for conversion of the depth and surface velocity values into metric
units. The intrinsic and extrinsic parameters are used to rectify a stereo pair of images to make them appear as
though the two images share a common plane which is parallel to the line between optical centers.10 This step
is required for computation of the disparity map which is needed for 3D depth reconstruction.

The intrinsic and extrinsic parameters remain unchanged if the camera set-up does not change, i.e. the focal
lengths of both cameras are fixed and the distance between them remains unchanged. Thus, camera calibration
needs to be performed only once in the product life cycle for each combination of camera settings. The same
parameters will be applied to all images recorded with the same device depending on the chosen settings.

3.4 Depth estimation

The water level l is estimated as a difference between distances from the camera setup to the water surface and
to the canal’s bottom. The later is measured upon installation and recorded into the system. The distance to
the water surface is computed using large-scale stereo matching.11

For robust estimation of the distance to the water surface, we apply depth estimation on several pairs of
images, where one image pair represents two images recorded simultaneously with the right and the left cameras.
We set the number of pairs to 20, but it may vary depending on the allowed computational time: the more
pairs are taken, the robuster the result are. The process runs as follows: (i) the images are undistorted and
rectified (Sec 3.3); (ii) image contrast is equalized by applying contrast limited adaptive histogram equalization
(CLAHE);12 (iii) a dense disparity map is calculated for the given left-right image pair as it is done in;11 (iii) the
disparity map is reprojected to a point cloud: for each pixel in the disparity map having 2D pixel coordinates
(u, v) and a disparity value d, its 3D coordinates (X,Y, Z) in the world coordinate space are computed as

X = Z (u− cx) 1
f

Y = Z (v − cy) 1
f

Z = f b
d

(3)

where b is the baseline length (translation from right to the left camera); (iv) the points belonging to canal walls
are removed from the model based on the ROI: the remaining points either belong to the water surface, or can be
classified as outliers caused by water reflections or resulting from the reprojection error; (v) the parametric water
surface plane D = KX + LY + M Z is approximated using maximum likelihood estimation sample consensus
(MLESAC) algorithm.13 The approximated plane (Fig. 4) should be parallel to the image plane with allowed
offset of 5◦.

After running all these steps for each image pair, we calculate the trim mean of the water surface plane as
an average of values between 20th and 80th quantiles of all values of plane models resulting in a single plane

Figure 4: Water surface detected in the reconstructed point cloud shown from different perspectives. The
coordinate axis is placed to the point of origin (the camera position).
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equation D′ = K ′X + L′ Y +M ′ Z. The distance l from the camera to the water surface is then computed as

l =
|K ′X0 + L′ Y0 +M ′ Z0 +D′|√

K ′2 + L′2 +M ′2
(4)

where (X0, Y0, Z0) are the coordinates of the origin.

3.5 Surface velocity computation

The velocity of the flow is calculated by tracking particles of interest in the sequential frames. These can be
small pieces of floating waste highly distinguishable from the background water. In this section, we describe,
how to make such tracking possible.

Image preprocessing and particle detection. Images coming directly from the cameras often feature some
undesired artifacts. Amongst those are wavy light reflections from natural or artificial light sources, traces of
rain or condensate drops, and shadows lowering the intensity of particles. When untreated, they undermine
particle tracking by creating false matches, or outliers, or leaving some important particles undetected. With a
simple image processing pipeline, we prepare each initial undistorted image cropped to the selected ROI for a
robuster particle tracking: (i) CLAHE is applied for image equalization; (ii) gradient edge detection is applied
to transform the image into an edge image; (iii) the detected edges are emphasized by grayscale dilation; (iv)
the image is binarized with a simple threshold: we set up the threshold value to 4% of maximum intensity in
the image. In the case of 8 bit grayscale image, the threshold value is 10. All pixels with intensities above the
threshold are turned into maximum intensity, while all other are discarded; (v) all remaining objects in the scene
are presented as connected components, which are then classified as reflections and other objects based on their
contour length. Reflections, normally having a larger size, are eliminated; (vi) morphological erosion is applied
to the remaining objects to set their size back to the original. In the binarized images, particles are detected
using simple blob detection based on the connected-component labeling .14 We label a detected blob as a particle
if its area is bigger than 3 pixels.

Particle tracking and estimation of displacement vectors. After the preprocessing steps, displacement
vectors can be estimated. Each displacement vector connects coordinates of a detected particle in the first
image frame with its corresponding coordinates in the following frame. Such displacements are estimated for
all sequential pairs of images. Knowing this displacements in image coordinates and the timestamps indicating
when images were taken, we can provide a velocity vector field for each image sequence. In order to find the
correspondences between the particles in sequential images, a technique called template matching is used: a
function slides through the image and compares the overlapped windows of size w × h (w – window’s width,
h – window’s height) against the input image using fast normalized cross-correlation.15 For more effective
computations the searched area is narrowed down to a certain size (in our case, we take the area limited by
a circle with a radius of 40 pixels with a center in the particle coordinates). Probabilities of different possible
matches are estimated, the window with higher matching probability is localized and the particle correspondences
are established. The matches with a probability lower than 30% are discarded. In the Fig. 5c, it is seen that,
with a chosen set of parameters, only few correspondences between particles are detected in the pair of sequential
images. However, after processing the whole image sequence, all detected correspondences together form a vector
field, which is sufficient for a robust velocity computation (Fig. 5d). The velocity ν̄ is calculated as average value
in the velocity vector field after statistical outlier removal.

4. EVALUATION

4.1 Dataset

Six sessions were recorded on six different dates. Each session consists of ten image series. Each series was
recorded over the 8 s interval with a frame rate of 25 images per second. Five sessions were recorded at
location A and one – at location B. In the beginning of each session, a reference depth value lref was measured
with a ruler. Additionally the value of volumetric flow Qref was recorded: in the first two sessions only once and
in the rest four – before each series. Both locations have rectangular profiles.
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Figure 5: Particle tracking: (a) and (b) are originals of two sequential images before undistortion; (c) found
correspondences between the particles in the images (a) and (b); (d) the vector field over the whole sequence of
images.

4.2 Pipeline

The following values were computed automatically using the developed image processing software:

• Average velocity ν̄,

• Distance from the sensor to the water surface l.

In the rectangular profile, knowing the width of the channel wchannel and the total distance from the sensor
to the channel bottom ltotal, and having automatically estimated the velocity ν̄ and the distance from the sensor
to the water surface l, the volumetric flow Q was estimated as

Q = ν̄ wchannel (ltotal − l) (5)

There were no reference values for surface velocity available. However, it was possible to compute theoretical
surface velocity ν̄theor from the reference volumetric flow Qref and depth lref as follows:

ν̄theor =
Qref

wchannel lref
(6)

The absolute velocity error Evel was computed as a difference between ν̄theor and ν̄. The absolute depth
error Edep was computed as a difference between the estimated depth (ltotal − l) and reference value lref. The
relative depth error values were computed as ratios of absolute error values and the values of the measuring
ranges (which is in our case the distances from the camera to the channel’s bottom).

4.3 Results

With the respect to the measuring range, the minimal depth error Edep was estimated as 0.11% (or 0.21 cm), the
maximum depth error was 4.12% (or 8 cm), while the average error was 1.69% of the measuring range (3 cm).
The RMS error of the total set was 3.4 cm. The error of surface velocity Evel resulted in the interval between
1 cm/s and 13 cm/s with an average error of 5 cm/s and the RMS error of 9 cm/s. We excluded from this range
two first sessions which are lacking the information about individual values of volumetric flow for each series.
However, due to the experimental design, these errors are only rough estimates: at each acquisition session
the reference depth value was measured only once, although the variation in volumetric flow and the gradual
transitions between the automatically detected values indicated that the actual depth level has varied. Other
possible sources of error: inaccuracies in calibration (with a very low probability) and presence of time gaps
between two synchronous images due to a possible problem of the sensors or recording software. These issues
are the topic of our ongoing work.
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5. CONCLUSION

Considering the results of preliminary evaluation, we already can see that our system performs similarly to the
one of Nguyen et al.6 and Jeanbourquin et al.7 which to our knowledge was the only development in the field
so far. Considering the fact that we managed to achieve fully automatic depth and surface flow estimation, we
can recommend our system as an industrial solution for volumetric flow measurement.
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