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ARTICLE INFO ABSTRACT

Keywords: Sewage pipes may be renovated using tailored linings. However, the interior diameter of the pipes must be
Computer vision measured prior to renovation. This paper investigates the use of 3D vision sensors for measuring the interior
3D vision

diameter of sewage pipes, removing the need for human entry in the pipes. The 3D sensors are residing in a
waterproof box that is lowered into the well. A RANSAC-based method is used for cylinder estimation from the
acquired point clouds of the pipe and the diameter of these cylinders is used as a measure of the interior pipe
diameter. The method is tested in 74 real-world sewage pipes with diameters between 150- and 1100 mm.
The diameter of 68 pipes is measured within a tolerance of +20 mm whereas 8 pipes are above. It was found
that the faulty estimates can be detected in the field using a combination of human-in-the-loop qualitative and

Sewage pipes
Diameter estimation
Human-in-the-loop

quantitative data-driven measures.

1. Introduction

Most of the sewage infrastructures are buried under other infras-
tructures such as roads and pathways. As a consequence, the vastness
and complexities of a sewage network is often overlooked in daily lives
— unless it breaks down.

Across the world, there is a need to continuously renew and replace
existing networks of sewage pipes to maintain their functionality. In
the United States, a congress report estimates that $271 billion is
needed for renewals and replacement of sewage pipes between 2012
to 2037 [1]. A 2021 report [2] estimated that approximately $3 billion
is spent in a single year on replacement and repairs of 7,551 km of
wastewater pipes. In Germany, the extent of the sewage network is
594,000 km [3] and more than 11% of the network was built before
1960 [3]. Approximately 1% of the German sewage network is renewed
each year [4].

There are two main methods for renewal of sewage pipes: replace-
ment or renovation. A complete replacement of the old sewage pipe
requires an excavation of the road above, creating costly interruptions
of the traffic and generating noise and nuisances to the neighbors. To
avoid a costly replacement, the sewage network may instead be refur-
bished by inserting a cured-in-place-pipe (CIPP) lining into the existing
pipe. The CIPP technique may extend the service life of the pipe by
up to 50 years [5-7]. However, the CIPP lining must be tailored to the
exact dimensions of the host pipe. Otherwise, there is a risk of wrinkles
or folds in the final lining, reducing the capacity of the renovated pipe
and increasing the risk that objects get stuck in the pipe [8]. A high
occurrence of wrinkles in the final lining will decrease the strength of
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the renovated pipe and may obstruct subsequent inspection by CCTV
vehicles [9]. A faulty CIPP lining may be repaired but the process is
costly [8]. It is therefore necessary to know the exact dimensions of
the pipe in question for renovation. Unfortunately, one cannot assume
that existing maps of sewage networks are accurate; the contractor
might have used other pipes than agreed upon and record management
errors and digitization errors might have occurred since the network
was built.

The current method of assessing the diameter of the pipe is by
manual inspection; a worker climbs to the bottom of a manhole to
measure the interior diameter of the pipe. However, this is an unhealthy
and unsafe work environment due to the toxic gasses present in the
sewage pipe. For safety concerns, the measurement process must be
supervised above-ground by another worker who can facilitate an
evacuation process if necessary. The health and safety risks imposed
by the current measurement method calls for an alternative approach
that does not require the entrance of humans in manholes.

2. Contribution

This work investigates how to obtain reliable measurements of the
interior diameter of in-use sewage pipes by the use of off-the-shelf 3D
cameras and hardware. A RANdom SAmple Consensus (RANSAC)-based
approach is used to model a cylinder from the point clouds acquired
from the 3D cameras. The diameter of the estimated cylinder is used
as an estimator for the interior diameter of the investigated sewage
pipe. An overview of the proposed method is found in Fig. 1. Once fully
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Fig. 1. Overview of the proposed method for 3D vision-based measurement of sewage
pipes. 3D cameras inside a waterproof box are lowered into the well to estimate the
interior diameter of the pipe.

matured, the proposed method will eliminate the need for human entry
in the well to measure the diameter, significantly improving the work
environment. Whereas the current measurement method requires two
workers to carry out the measurement process, only a single worker
is required for the proposed method, enabling cost savings for utility
companies.

The overall contributions are:

» The proposed method is the first to show the applicability of
using off-the-shelf 3D sensors to measure the diameter of multiple
in-use sewage pipes.

» Within the domain of sewer pipe measurements, this paper sug-
gests a novel human-in-the-loop approach for iterative improve-
ment and verification of measurements.

Our specific contributions are summarized as follows:

+ Using off-the-shelf hardware, a prototype is constructed that can
be inserted into operational sewage pipes and acquire a series of
3D images of the pipes.

The prototype and method are tested in a multitude of different
real life scenarios. Concretely, data from 74 different, in-use
sanitary sewer and storm drainage pipes are used. Results show
that the method can estimate the diameter of the pipe within a
margin of +20 mm.

It is shown that both data-driven quantitative and human-in-the-
loop qualitative methods can successfully filter out incorrect data
and unreliable estimates.

3. Related work

In the following section, related work within interior measurement
and profiling of pipes is highlighted. References to works within sewer
defect inspection and structural condition assessment [10] are not
listed, as it is the overall metric geometry of the pipe that is the focus
of the paper, not the structural condition.
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3.1. Laser-based interior profiling

Pioneers Kampfer et al. [11] combined a traditional CCTV-camera
with a laser beam attached to a mirror that enabled an operator to
measure the cross-section of the pipe as well as reconstruct the pipe
profile in 3D. The authors report a maximum estimation error of
+1% in metal pipes. A vastly upgraded laser scanner is demonstrated
in [12] that achieves sub-millimeter reconstruction accuracy on the
investigated laboratory pipe. Similar setups using a rotating ring beam
device and a camera is shown in [13-16]. A physical robot with a
dual-ring laser profiler is prototyped in [17,18], showing an average
pipe reconstruction error of 0.4 mm and 1.5 mm, respectively. In the
KANTARO robot [19], a single laser profiler is combined with a stereo
camera to jointly capture profile and depth information. The set-up
provides detection of manholes and joints but the paper does not report
the accuracy of the reconstructed interior profile.

Stani¢ et al. [20] equip a CCTV inspection vehicle with a laser
profiler and a custom-built back plate to be used for measurement of the
distance traveled. By carefully designing and calibrating the cameras
and lenses, the authors achieved a maximum reconstruction error of
1.8 mm in a old sewer pipe. However, it is not straightforward to
transfer the setup of [20] to in-use sewers.

In general, laser profiling techniques generate an accurate recon-
struction of the pipe. The technique requires that the laser beam
is located inside the investigated pipe and that the position of the
laser and camera may be stabilized to avoid shaking. The stabilization
requirement also applies for camera-based reconstruction techniques.

3.2. Camera-based reconstruction

The related work within camera-based reconstruction is divided into
three sections: monocular approaches using either equidistant, fish-eye
lenses or conventional pin-hole cameras alongside approaches using
one or more depth cameras.

3.2.1. Fish-eye camera

A fish-eye, or equidistant, camera is used in [21] to construct a
point cloud of a sewer pipe. Corresponding point pairs from epipolar
geometry are used as input to a circle fitting algorithm that created a
tubular model of the traversed pipe. Zhang et al. [22] acquire a 3D pipe
model from fisheye images of a sewer pipe partially filled with water.
As with other methods only relying on monocular cameras [21], the
scale of the reconstruction is unknown.

Esquivel et al. [23,24] use an industry-grade, rugged fish-eye cam-
era (IBAK Panorama) to create a dense reconstruction of a sewer well.
The camera is lowered into the well from above, taking images every
50 mm of the travel. Feature-tracking is performed on the unrolled fish-
eye images and structure from motion is applied to produce an initial
reconstruction. The scale of the reconstruction is determined by the
length of the line lowering the camera into the sewer well. The acquired
point cloud is divided into sections in order to estimate the cross-
sectional profile of the sewer well. By assuming either a rectangular
or a elliptical profile of the cross-section, the authors estimate the true
metric profile of the sewer well with an average error of 1%-2%.

3.2.2. Conventional camera

Kolesnik and Baratoff [25,26] use a Hough transform to extract
circles from monocular images as the robot drives through the sewer
pipe. The distance traveled by the robot can be estimated by knowing
the interior diameter of the pipe.

A multi-view association of SIFT features is used in [27] to con-
struct a sparse depth map for partial reconstruction of a large-diameter
underground tunnel. The cylindrical constraint is used for estimating
a subsection of the interior surface of the tunnel. The method looks
promising, but the results are only evaluated qualitatively.
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Kagami et al. [28] use a monocular endoscopic camera to create
a 3D model of the pipe. A classical feature-matching structure-from-
motion (SfM) scheme is combined with a customized bundle adjustment
method that uses prior knowledge of the conical shape of the pipe. The
investigated pipes are reconstructed with a radius error rate between
1%~-7%. A similar SfM algorithm is applied in [29] to estimate the
diameter of 200 mm-250 mm steel, concrete, and PVC pipes. The
estimation accuracy on the steel and concrete pipes is 1.4% and 2.4%,
respectively. However, the algorithm is not able to reconstruct a clean
PVC pipe due to missing features on the interior.

Dense 3D reconstructions of pipes are performed in [30-33], how-
ever, the authors do not report the metric accuracy of the reconstruc-
tion.

3.2.3. Depth camera

The use of a MESA SR-3000 Time-of-Flight (ToF) camera for pipe
reconstruction is investigated in [34]. The authors fit both cylindrical
models and conical models to the acquired point clouds and find
the conical models to find suitable matches. The metric accuracy of
the fitted models is not reported but the authors do note that the
reconstructed point cloud appears larger than the real pipe, possibly
due to secondary reflections and lens scattering. The upgraded MESA
SR-4000 ToF camera is used in [35] to measure the interior of a sewer
pipe in a laboratory environment. A cylinder is estimated from the
acquired point cloud using either a RANSAC or a Hough transform. The
results show that a RANSAC-based approach is capable of accurately
estimating the pose of the camera with respect to the pipe. However,
the paper does not report on the accuracy of the cylinder estimation of
the pipe.

Bellés and Pla [36] create a setup consisting of two Kinect V1
cameras and a mini-PC that is lowered into the sewer well. The authors
report a reconstruction accuracy of 1% for the estimation of the sewer
well and 10 mm for the diameter estimation of the inlet pipes. Yoshi-
moto et al. [37] investigate the use of a stereo endoscopic camera to
accurately reconstruct a camera calibration pattern that is inserted into
small, clean pipes. Experiments with pipe diameters between 26 mm
and 36 mm show reconstruction errors below 1%.

Bahnsen et al. [38] investigated the use of a Realsense D435 active
stereo camera and a PMD CamBoard pico flexx ToF camera for creating
an accurate point cloud representation of PVC pipes in a laboratory
setting and an outdoor test setup. The results showed that the pico flexx
created a significantly more accurate point cloud than the Realsense
camera, resulting in an average reconstruction error of approximately
20 mm and 75 mm, respectively. The detrimental performance of the
Realsense camera is largely due to excessive noise in the point cloud
that is located far from the physical pipe.

The accuracy of the pico flexx ToF camera in clean 400 mm PVC
pipes was investigated by Haurum et al. [39]. The authors found that
the accuracy of the acquired point cloud varied between +20 mm and
—60 mm when comparing the ToF camera to a laser range finder.

The findings from the literature show that approaches based on
monocular cameras, either conventional or fish-eye, are not capable of
estimating a metric reconstruction of the interior profile of the pipe
without additional knowledge. Thus, a depth camera is necessary if
the goal is an accurate estimate based solely on the output of a single
sensor. The investigated literature shows that it is possible to acquire
an accurate metric estimate of the interior profile of a pipe under
laboratory conditions [35-38]. In this work, it is investigated whether
this holds true for in-use sewer pipes as well.

4. Materials and methods

The experiences from [38] is taken as point of departure and it is
investigated if the Realsense D435 active stereo camera (Realsense)
and PMD CamBoard pico flexx ToF camera (pico flexx) are suitable
for estimation of interior pipe diameters in real-world sanitary sewer
and storm drainage pipes. In the following, the physical acquisition
platform is described followed by the data acquisition process and
framework for pipe radius estimation.
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Fig. 2. The sensor and computational hardware fitted inside a waterproof enclosure.

Table 1
List of equipment for the physical recording platform.

PMD Camboard pico flexx

Intel Realsense D435i

Raspberry Pi 4 with 8GB RAM, 128GB SD card
Power bank, 10,000 mAh

Waterproof transparent enclosure

Flashlight

Extendable carbon fiber rod

4.1. Physical platform

Sewers are a hostile environment. The cameras and other electrical
components must therefore be fitted inside a waterproof enclosure.
In order to make the waterproofing easier, there must be no wiring
through the box, e.g. the electronics inside the box must be self-
sufficient. This is achieved by connecting the two cameras to a Rasp-
berry Pi that is powered by a standard power bank. The Raspberry Pi
creates a stand-alone WiFi hotspot such that it may be controlled from
an human operator standing on the ground with a PC. A 3D-printed
camera mount is fastened with glue to the side of the box to make sure
that the position of the cameras is fixed. The prototype enclosure with
sensors is shown in Fig. 2.

In the test sites that are considered for the experiments, the pipes
inside the sewer well are located 1-10 m below ground. To safely lower
the sensor box into the well and position it into the pipe, the enclosure
is fitted to the bottom of an extendable rod. Furthermore, a torch is
attached to the bottom of the enclosure to light up the pipe such that
the Realsense camera can capture RGB images for human inspection
and verification. The full list of materials for the experiments is found
in Table 1

4.2. Data acquisition process

At each well, measurements were performed according to the fol-
lowing procedure:

1. Remove the manhole cover to gain access to the well.

2. Assess which pipes are present and correlate this against the pipe
map provided by the water utility company.

3. For each pipe inside the well:

(a) Based on the map, assess pipe material and note the
reference diameter.

(b) Use the extendable rod to lower the sensor box into the
well.
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(c) Locate the sensor box at the top of the pipe and capture
50 depth frames from each camera.

(d) If the diameter of the pipe is larger than 250 mm, repeat
step 3c by locating the box approximately in the middle
of the pipe.

Step 3d is done to provide a greater variability of the captured
data in larger pipes that can accommodate the sensor box at multiple
positions. The capture of multiple frames in step 3c is to explore the
stability of the sensor data over time as the cameras may not be
perfectly still. The exact value, 50, is based on the hardware constraints
of the Raspberry Pi as the raw sensor data is stored in RAM before being
written to the slower SSD card.

4.3. Interior diameter estimation

Once the depth images have been acquired by both cameras, the
interior diameter of the pipe may be estimated. The depth images are
corrected for lens distortion by the OpenCV function undistort-
Points [40] which utilizes the distortion coefficients provided by
the camera manufacturers. The corrected depth images are projected
to point clouds using the following equations that are based on the
pin-hole camera model:

x' —c

X=Z X (@))

X
V=,
Iy
where Z is the metric depth value at position (x’,)’) in the corrected
depth image, X and Y are the corresponding metric positions in the
point cloud, and ¢,,¢,, f.f, are the principal point offsets and focal

lengths in the x and y directions, respectively.
The point clouds are filtered such that they only contains points
within:

Y=2Z

@

—Im<X<Ilm 3
- Im<Y<1lm (€3]
Om<Z<5m %)

Since the maximum diameter of the investigated pipes is 1100 mm,
these values allow for a margin of error with respect to the positioning
of the sensor box. After the filtering, RANSAC will be used to fit a
cylinder to each point as described in Algorithm 1 [41]. PROSAC [42]
was tried as an alternative but did not result in better performance than
RANSAC. The fitted cylinder is described as a point of origin, p*, a
direction vector for its main axis, @, and its radius, r, as illustrated
in Fig. 3.

A point is considered an inlier if the minimum distance to the fitted
cylinder is less than the RANSAC inlier threshold, d,,,. As found by
Tran et al. [43], the distance from a point, p;, to the cylinder, ¢, can be
calculated as follows:

distance (p;,c) = || p; — p* — ( —pF-a)a

(pinc) = || pi=p" - (p=p" - @) @| ©
- r

where p; is point i in the point cloud, p* is a point on the cylinder’s

main axis, @ is a normalized direction vector for the cylinder’s axis,

and r is the radius of the cylinder. The mean squared error (MSE) of

the estimated cylinder is calculated as follows [43]:

N
eMsE = % Y distance (p;,c) 7

i=1

where distance (p;, ¢) is defined by Eq. (6). A cylinder is fitted for every
depth frame acquired by the pico flexx and Realsense cameras, resulting
in a total of 100 cylinder-based diameter estimates per recording con-
ducted in Step 3c of the data acquisition process. In the Experimental
results, it is discussed how to combine the estimates into a single
diameter estimate for each pipe.
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Data: Point cloud, P
Result: Parameters {p*, @, r} of fitted cylinder, number of inlier
points {m}, error {eysg}-

k < 10000;

< 0.05;

Fmax < 0.6;

n« 0;

m < 0;

1. Keep points in P within [0 < z < 2.5 m];

2. Estimate normals for each point in P by using KDTrees with 50
nearest neighbors;

for d,, < 0.01 to 0.24 by 0.01 do

while n < k do

3. Sample two random points, p;,p, € P;

4. Estimate a cylinder such that @ L p,, @ L p,, and
Fmin <7 <r max>

5. Mgy < X pep [distance (p,€) < diy,l;

if myep, > m then

6. m — Mypps

"'min

7. Save current {p*, @,r};
8. Calculate the error, eysg, according to Eq. (7);
end
9. n<n+l;
end
10. Select the cylinder corresponding to the highest m as the
best estimate, save {m, p*, @.r, eysg. dmax }3

end
Algorithm 1: Procedure for RANSAC-based cylinder estimation
from point clouds [41].

S ="

Fig. 3. The cylinder is estimated such that the perimeter of the cylinder touches
the randomly selected points p,,p, and that the axis of the cylinder is orthogonal
to the estimated normals of p,, p,. The inliers are the points that lie within d,,, of the
estimated cylinder.

4.4. Allowed tolerance

As mentioned in the Introduction, the estimated interior diameter of
the pipe is ultimately used for tailoring a CIPP lining to the investigated
pipe. If the diameter of the lining does not correspond to the host pipe,
there is a risk of wrinkles or folds in the pipe, reducing throughput and
degrading the quality of the refurbished pipe. As a consequence, the
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(a) Above-ground

(b) Below-ground

Fig. 4. Snapshots from the data acquisition process. One operator positions the box
inside the sewer well whereas another operator controls the sensor box using a wireless
connection to a PC.

allowable margin of error on the estimated diameter is small; but how
small exactly?

A point of departure can be found in the industry standard for
pipework components, ISO 6708:1995 [44], that outlines a series of
preferred values for the nominal size (DN) of pipework components.
The sensor enclosure is designed to fit in pipes with an interior diameter
of 150 mm, which corresponds to a preferred ISO value of DN 150.
From DN 150, the nominal values increase by 50 up to DN 500 and
from DN 500 to DN 1600, the nominal values increase by 100. As
a consequence, it is reasonable to frame the measurement task as a
classification problem between standardized pipe sizes that increase in
steps of at least 50 mm. To provide an unambiguous estimate of the
pipe class, the measurement error must therefore be lower than 25 mm.
To stay on the safe side of this threshold, the allowable margin of error
of the diameter measurement is defined as +20 mm.

5. Experimental results

The experiments follow the iterative data acquisition and validation
process illustrated in Fig. 1. According to this process, initial estimates
of the interior diameter of the pipe are computed and subsequently the
credibility of these estimates are assessed based on further studies of
the data.

5.1. Experimental settings

Measurements are performed in a residential area in Tranbjerg,
Denmark. Here, each well contains both sanitary sewers and storm
drains. In total, 24 concrete sanitary sewer pipes are measured, ranging
in interior diameter from 150 mm to 500 mm. Additionally, 50 concrete
storm drainage pipes are measured, ranging in inner diameter from
150 mm to 1100 mm. According to step 3d of the data acquisition
process, two measurements are conducted in pipes with a diameter
greater than 250 mm, resulting in a total of 101 measurements from
74 pipes.

As the pipes are planned for renovation, their interior diameter
is previously measured by a human operator who inserts a physical
measuring device into the pipes. These measurements are used as
the ground truth reference for the interior diameter of the pipes.
Photographs from the data acquisition process are found in Fig. 4.

The pico flexx camera is set to retrieve depth within 1 to 4 meters
and the Realsense is set at a resolution of 640 x 480 at 30 fps. For the
Realsense camera, it is found that lowering the resolution decrease the
amount of noise in the point cloud compared to [38].
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5.2. Initial results

As mentioned in the previous section, there is a need to establish a
single, consensus estimate based on the diameter estimates computed
for each of the 50 frames acquired by each camera. In our experiments,
the mean or median of the per-frame diameter estimate from Algorithm
1 are compared with the reference diameter value. The inlier-weighted
mean (IWM) of the per-frame diameter estimates has been investi-
gated but have produced diminishing results compared to the mean or
median. The inlier-weighted mean is computed as follows:

50
1,
TWM = —2"5—01 nn ®)
Zn:] Iy

where r, is the radius of the estimated cylinder for frame » and i, is
the percentage of points in the point cloud for frame »n whose distance
to the estimated cylinder do not exceed d.,,,.

The results from both cameras across all recordings are shown in
Fig. 5.

From these results, it is seen that the diameter estimates based on
the point clouds from the pico flexx are significantly worse than the
estimate based on the Realsense data. Within an allowable margin of
error of +20 mm on the diameter, the percentage of correctly classified
pipes are peaking at 64% for the pico flexx whereas the accuracy of
the Realsense data reaches a maximum of 89%. For the Realsense, this
means that 90 diameter estimates are within the +20 mm threshold
whereas 11 estimates are above. The low accuracy of the picoo flexx
reflects the experiences of Haurum et al. [45] but are in contrast to
the comparison by Bahnsen et al. [38] where the pico flexx produced
more accurate point clouds than the Realsense camera. The cause of
the discrepancy with [38] may lie in the housing of the cameras.
In [38], the cameras are not enclosed whereas in this work, they are
located inside a plastic enclosure that may affect the performance of
the infrared emitter in the ToF module.

From Fig. 5 it is also seen that the median is slightly better than
the mean for producing a consensus estimate amongst the 50 recorded
frames. For the diameter estimate based on the pico flexx, the accuracy
is inversely proportional to the RANSAC inlier threshold, d,,,,, whereas
this effect is less profound on the Realsense-based estimates. It is
noticed that the lowest overall estimation error is achieved by taking
the median diameter value of the cylinders that are estimated from
the Realsense-based point clouds with d,,, = 90 mm. The remainder
of the experiments in this paper are thus based on this configuration.
However, setting d,,,, within the range of 60 mm to 180 mm would also
be sensible. The estimation error relative to the reference diameter of
the pipe is shown in Fig. 6. There seems to be no clear correlation be-
tween the estimation error and pipes with diameters between 150 and
900 mm whereas the proposed solution struggles in the investigated
1100 mm pipes.

However, even in the best configuration, 11% of the estimates have
a diameter estimation error larger than 20 mm. This is not acceptable in
a use-case where the estimates are being used to tailor linings for CIPP
renovation of the pipes. In the following, it is investigated how to detect
and filter the faulty measurements based on the human-in-the-loop
paradigm.

If the method is deployed in the future, the authors anticipate that
the measurements may be carried out by a single human operator that
receives real-time feedback from the 3D cameras. If the image, point
cloud, or the calculated metrics indicate that the measurement may be
inaccurate, the operator can retrieve the sensor enclosure, clean the
outside if necessary, and obtain additional recordings from the pipe
according to Fig. 1(b).

5.3. Obtaining trustworthy measurements

Two paths are followed to investigate if it is possible to decrease the
measurement error by detecting and removing bad data: (1) data-driven
estimators and (2) visual inspection. The proposed data acquisition,
cylinder estimation, and cylinder verification pipeline is shown in
Fig. 7. The contents of the pipeline are explored in the following.
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The setup with the lowest estimation error is found by taking the median diameter estimate from the point clouds provided by the Realsense camera at d,,,, = 90 mm.
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Fig. 6. Diameter estimation error across pipe sizes.

Data-driven estimators. For the data-driven estimators, the use of basic
statistical metrics is investigated in order not to overfit any estimator
to the acquired data and to enable real-time calculation of the metrics
on embedded hardware. As written in the above, each camera acquires
50 depth frames from each recording. From each of these frames, a
cylinder is estimated. The descriptors and error metrics of the estimated
cylinder may be used as proxy metrics for the diameter estimation error
reported in Fig. 5(a). The mean and standard deviation of the following
descriptors are investigated as candidate proxy metrics:

1. Inlier percentage, e.g. the percentage of points in the point cloud
whose distance to the estimated cylinder do not exceed d,

2. Mean-squared error of the estimated cylinder, eygg.

3. Estimated cylinder radius, r.

4. Cylinder orientation relative to the camera’s z-axis.

max *

The median, skewness, and the interquartile range of the descriptors
are also investigated but gave diminishing results. The cylinder’s ori-
entation relative to the z-axis of the camera is calculated as the cosine
similarity [46] between the orientation of the cylinder’s axis, @, and

the direction of the z-vector of the camera, z = (00 1):
a-Z a
sim (T{, ?) T ST T Tz (9)
Ial-1z1  lall
A linear regression model is fitted to each of the investigated
descriptors to assess their feasibility as proxy error metrics. Five-fold
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Fig. 7. Overview of the proposed human-in-the-loop data acquisition and verification
pipeline.

cross validation is performed on the data and the average and standard
deviation of the F;-score of the investigated proxy metrics across the
five folds are listed in Table 2. The F,-score is calculated as follows:

TP

F] = l—
TP + 2(FP+FN)

10
where TP, FP, and FN are the True Positives, False Positives, and False
Negatives classified by the proxy metric, respectively.

From Table 2, it is found that the standard deviation of the esti-
mated radius is the strongest descriptor of the estimated error, followed
by the mean value of eyq. Intuitively, this makes sense; if the standard
deviation of the radius estimate is low, the estimated cylinder is stable
throughout the 50 acquired depth frames which indicate that the
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Table 2

Investigated proxy metrics for the radius estimation error. The (mean,
standard deviation) of the F,-score from the five-fold cross validation
of the estimators are listed. The best metric is highlighted in bold. Cyl.
orientation is computed according to Eq. (9).

Mean Std
% inliers 0.81 (0.14) 0.90 (0.10)
s 0.92 (0.09) 0.91 (0.11)
Radius, r 0.24 (0.32) 0.95 (0.04)
Cyl. orientation 0.91 (0.07) 0.91 (0.09)
Visual inspection ®
X v
Image @) L)
102 Point cloud )
Est. cylinder (| @
FN @ ™

FP

Linear estimator on radius std

107 10° 10! 107 103
Absolute measurement error (mm)

Fig. 8. Using a combination of proxy metrics (radius std) and visual indicators to detect
wrong diameter estimates. The color and fill of the circles indicate the qualitative
appearance of the image (color of circumference), the quality of the point cloud
(right semicircle), and the alignment of the estimated cylinder to the point cloud
(left semicircle). The horizontal, dotted line marks the decision threshold of the linear
estimator whereas the vertical, dotted line marks the maximum allowable measurement
error. TN, FN, TN, and FP are related to the classification by means of the proxy error
metric based on radius std.

acquired point clouds are of consistent good quality and are likely to
represent the true cylindrical shape of the pipe.

As noted in the description of the data acquisition process, two
series of measurements are taken in sufficiently large pipes; however,
how to choose one measurement over another? If the radius estimate
with the lowest standard deviation is selected, the overall accuracy is
89% with 66 pipes correctly classified and eight pipes classified with
an error above 20 mm.

In the following, a combination of visual inspection and the chosen
proxy metric is used to filter the remaining bad estimates.

Visual inspection. For the visual inspection task, the quality of the
image and the point cloud is assessed based on the following qualitative
indicators:

1. Is the image quality reasonable? Is the camera facing the pipe,
does the image contain motion blur, etc.

2. Does (part of) the point cloud resemble a cylinder?

3. Does the estimated cylinder align with the point cloud?

The visual quality indicators are of course subjective and based on
the experience of the authors with cameras and point clouds. Nonethe-
less, they may indicate if it is possible to judge the accuracy of the
estimate based on the perceived quality of the images and point clouds.
The visual quality of every recording is marked in Fig. 8 alongside the
chosen proxy metric based on the standard deviation of the radius. A
filled blue circle indicates good image quality, a corresponding point
cloud that resembles a cylinder, and an estimated cylinder that aligns
well with the point cloud. A filled orange circle, on the other hand,
indicates that none of these conditions are fulfilled. From Fig. 8, it is

Automation in Construction 151 (2023) 104864

seen that cylinders estimated from high-quality images and point clouds
(filled blue circles) tend to have lower measurement errors than images
and point clouds with lower visual quality (semi-filled orange or filled
orange circles).

If the threshold defined from the best fold during cross-validation
is used, the proxy error estimate may be used to correctly identify
seven bad estimates (TN) whereas five estimates are falsely flagged as
erroneous (FN). 61 good estimates are correctly detected (TP) and only
one wrong estimate is labeled as ‘good’ (FP). The threshold is visible
from Fig. 8 as a horizontal, dotted gray line.

The classification based on the proxy error estimate can be com-
bined with the visual indicators to get rid of the false positives. For
instance, one could choose only to trust good-quality data correspond-
ing to filled blue circles at the cost of additional false negatives.
In this context, false positives are several orders of magnitude more
severe than false negatives. The cost of a false negative is the cost
of conducting another measurement whereas the worst-case cost of
a false positive is the cost of removing a tailored inlining from the
sewer well. Overall, the results indicate that it is feasible to detect bad
estimates in a human-in-the-loop setup that combines visual inspection
and data-driven metrics.

Fig. 9 shows samples from six field recordings; two failure-cases (1st
and 2nd), a recording with significant motion blur caused by camera
motion (3rd), a recording with a decent cylinder estimate despite a
noisy point cloud (4th), a successful recording despite water on the lens
(5th), and a good estimate of a large sewer pipe (6th).

6. Limitations

Even though the method has been tested in 74 different, real-world
sanitary sewer and drainage pipes, the investigated pipes are residing
in the same neighborhood which means that the pipes share similarities
in terms of age and structural conditions. Since the proposed solution
relies on camera system, we are dependent on the reflective properties
of the matter residing on the inside of the sewer pipes. This implies that
the testing must be expanded to a wider range of structural conditions
and different pipe materials, including brick and PVC pipes, to further
assess the feasibility of the proposed method,

As seen from Fig. 2, there is significant room for improvement on
the design and craftsmanship of the sensor box. A point of departure
is the shape of the box; a cylindrical or spherical box would make a
better fit to smaller pipes. The water-proofing could be improved and
the surface of the box might be coated with a water repellent solution.
Furthermore, the linking between the extendable rod and the sensor
box would benefit from active stabilization to prevent motion blur.

An important aspect of the pipeline depicted in Fig. 7 is real-time
feedback to the human operator that enables the person in question
to assess the trustworthiness of the cylinder estimate based on the
data-driven and qualitative indicators. Our experience shows that the
cylinder estimation on the Raspberry Pi 4 only takes a few seconds
which indicate that the main bottleneck may be the wireless transfer
of images and point clouds to the operator’s computer. However, the
operator may study the quality of the first available data and assess the
remaining data as it becomes available. Another aspect is the proper
training of the operators to assess the quality of the acquired data and
the estimated point clouds. It is also open for discussion how to present
the data to the operator in a clear, concise, and interpretable manner.

7. Conclusions

This work has explored the feasibility of using 3D cameras for
measuring the interior diameter of sewage pipes in the context of
producing Cured-In-Place-Piping (CIPP) lining for renovation of the
pipes. The Realsense D435i active stereo camera and the PMD Cam-
Board pico flexx time-of-flight camera are used as representatives of
different technologies for 3D sensing. The cameras are placed in a
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Fig. 9. Samples from six recordings. The RGB image and the point cloud corresponding to a randomly selected frame are visualized within the dotted, gray rectangle. The
percentage of inliers and the orientation of the estimated cylinder (Eq. (9)) for the acquired frames are shown to the right of the point clouds. Box plots for ey and the diameter

of the estimated cylinder are shown in the two columns to the right.

transparent, waterproof box alongside a Raspberry Pi 4, power supply,
and additional lighting. An operator uses a extendable rod to lower the
box into the well and position it such that the cameras are facing the
pipe. Once positioned, the cameras take a series of 3D images of the
pipe that are subsequently converted to point clouds. A RANSAC-based
algorithm is used for estimating a cylinder from each acquired point
cloud. The median diameter of the estimated cylinders is used as the
measure of the interior diameter of the pipe.

The proposed method is tested in 74 concrete sanitary sewer and
storm drainage pipes located in a Danish suburban neighborhood where
the pipes are planned for renovation. In 66 of the investigated 74

pipes, the estimated diameter is correct within a margin of error of
+20 mm whereas eight estimates are above this threshold. It is found
that the main cause of the wrong estimates is grounded in bad data
and that these data points may be filtered using a combination of
qualitative inspection by the human operator and data-driven metrics
of the cylinder estimation process. Based on a thorough analysis of the
acquired data from testing, it is found that the standard deviation of
the estimated radius serves as a good proxy for the diameter estimation
error. Combined with qualitative assessment of the acquired images and
point clouds and fitness of the estimated cylinder, the operator can filter
out the wrong estimates, retract the sensor box for cleaning, and retry.
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The proposed review-and-retry process will result in an increase in
false negatives, but the cost hereof is conducting another measurement
whereas the worst-case expense of a false positive is removing a faulty
CIPP lining from the pipe.

Even though the method has been tested in 74 real-world sewage
pipes, extended tests are needed in even more pipes to check the real-
world applicability of the system under a broader variety of conditions.
The results suggest that real-time feedback from the cameras is an
important aspect that should be prioritized in a future prototype.
Upon further development and maturing, the proposed solution has
the potential to eliminate the health risks of the current measurement
method and enable cost savings for the companies performing the
measurements.
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