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In our day-to-day life, we need drainage infrastructure. However, the routine inspection of these infrastructures is hazardous,
labor intensive, and irregular. In this paper, polar-remapped rectangular representations are produced by converting imagery into
a flat format. These representations provide a structured format that may facilitate downstream visual analysis of pipe conditions.
The algorithm estimates the pipe center by finding the darkest central region and computing its centroid. The centroid is then
used to find an estimated center and unwrap the pipe view into a rectangular representation. The performance of the algorithm
has been tested on various publicly available open pipe-image datasets and evaluated on selected images from the QV-Pipe
(Quality Vision Pipe) dataset. The pipeline is inspected by processing pipe imagery and evaluating whether the pipe geometry,
center estimate, and image quality are suitable for unwrapping. Results show that the polar-remapped representation provides a
coordinate system that organizes visible pipe-wall imagery into angular and radial image coordinates for examination. This work
demonstrates a low-cost, practical approach for reorganizing forward-looking pipe imagery into a rectangular representation.
The center-detection algorithm achieved a mean Euclidean center error of 20.79 pixels across 50 GOOD-tier frames (76% within
10% of the detected outer radius R) and processes 640x640 images at 36.8 frames per second. Classification of 530 QV-Pipe
videos showed that 24.5% of QV-Pipe dataset videos were categorized as GOOD or MARGINAL with the current unwrapping
method.

Keywords: Pipe inspection, drainage infrastructure, image processing, polar-to-Cartesian remapping, cylindrical unwrap-
ping, polar image unwrapping, visual inspection, center detection, OpenCV, computer vision.

Introduction the pressing need of pipe inspection. In December 2024, a
sewer line broke near a pump station in Bay Point, Contra

Sewers are often overlooked and when they fail, the damage is ~ Costa County and it released millions of gallons of untreated

devastating. They support public health, waste transport, and
environment protection. However, over time these pipelines
can develop defects such as cracks, blockages, and corrosion.
Many of these defects cannot be observed from the exterior
and are only visible from within pipes. Thus, regular inspec-
tion of pipelines is crucial to maintain pipeline infrastructure.
In the United States, wastewater treatment facilities process
approximately 34 billion gallons of wastewater a day. Further-
more, according to the U.S. Environmental Protection Agency
(EPA), on average 14% of treated water is lost to leaks .

Earlier detection reduces infrastructure damage and repair
costs by addressing defects before they escalate>>. Some mi-
nor issues like small cracks, sediment buildup, corrosion and
joint separation may occur, but with passing time these issues
can expand into larger structural failures. And, if by mistake,
the damage becomes severe, repair is unbearably expensive
and also dangerous for laborers.

There have been some local events which have shown
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wastewater into nearby marshland. Approximately 20 million
gallons were spilled, hurting the wildlife and destroying the
environment. All this can occur due to hidden pipe damage.
This example highlights the need for better drainage infras-
tructure inspection and maintenance. Right now, sewer in-
spection relies on closed-circuit television (CCTV) and other
inspection methods. To improve inspection in hazardous en-
vironments, researchers and engineers have begun to create a
wide range of pipeline robotic systems. Cameras and sensors
are usually mounted on these robots, capturing images and
sensing various aspects of the internal surface of the pipe, al-
lowing inspectors to examine conditions. This method makes
inspection possible; however, the raw images are often diffi-
cult to interpret. Industry and government assessments show
that sewer inspections and sewer maintenance are often de-
pendent on the specific type of data collected, from recorded
camera footage, defect observation, and sensor input. CCTV
footage can be useful only if the pipeline damages can be seen
and connected to the actual location of the pipe*°.
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In forward-looking pipe imagery, the pipe appears as a cir-
cular tunnel. The visible pipe wall curves around the center of
the image rather than appearing as a flat surface. This perspec-
tive can make it hard to analyze the sections of the pipe wall
or follow large defects in multiple images captured. Features
near the edge of the circular view may appear stretched, while
features closer to the center may appear compressed or hid-
den by darkness. Inspectors must mentally interpret a three-
dimensional cylindrical surface from a two-dimensional cam-
eraimage. This process can be inconsistent because it depends
on lighting, camera alignment, pipe material, worker experi-
ence, and image quality. Even if the camera is successfully
recording the pipe interior, the final results depend on image
quality, lighting, camera centering, and center estimation.

In forward-looking inspection imagery, cracks and minor
fissures along the inner surface can be hard to see and detect.
Some current examples of pipeline robotic systems include
Carnegie Mellon University’s Pipeline Explorer, a robot de-
signed for long-range inspection of underground pipelines’-3.
However, while these systems can improve imagery and pro-
vide a live camera view of the passage, the forward-looking
images collected can be hard to interpret directly because the
inner wall appears in a circular form, making it hard to detect
defects in the pipe.

This creates a need for image-processing methods that can
make pipe imagery more readable. Current inspection footage
is usually stored as a video, but videos do not usually provide
a clear view of the pipe surface. This may cause inspectors to
repeatedly pause and compare frames, which can make defect
identification difficult. Instead of only viewing the original
circular camera frame, the pipe wall can be converted into a
rectangular representation. This does not completely remove
all distortion, but it gives the inspector a more organized view
of the pipe surface. A polar-remapped rectangular representa-
tion can also make future automated pipe wall analysis more
tractable because features can be examined in a more regular-
ized coordinate system. Therefore, image unwrapping is an
important part of the pipe and borehole inspection strategies
for research. The forward-looking circular imagery can be
turned into a rectangular panorama, easier to study as a map.
In this paper, based on the cylindrical panorama approach of
Deng et al, the center of a pipeline image is estimated and the
circular view is unwrapped into a rectangular representation
using OpenCV (Open Source Computer Vision Library) and
NumPy (Numerical Python)®. Similar pipe mapping concepts
have been studied for sewer pipes and boreholes ®~'2. More re-
cent studies have generated panoramic representations of pipe
and borehole interiors using inverse perspective mapping and
stabilized monocular video processing 1314,

The basic idea of this project is to treat the inner surface
of the pipe as a cylindrical surface. Seen from the front, each
point on the visible wall can be described by how far away it is

from the center of the pipe, and the angle around the pipe. This
circular view can be unwrapped into a rectangular representa-
tion in which the horizontal direction can be used to represent
the angular position around the pipe and the vertical direction
can be used to represent the radial distance from the center.
This provides a polar-remapped image view of the pipe wall
which is easier to inspect than the original circular image. The
aim of this paper is to construct a polar-remapped rectangular
representation of the pipe wall to support improved visual in-
terpretability.

Methods

We developed an image-processing system that analyzes
forward-looking pipe imagery from the QV-Pipe dataset. The
algorithm currently used is meant to eventually be used with a
robotic inspection system, however the current study uses QV-
Pipe footage. The robotic inspection platform is a compact
prototype using an ESP32-S3-WROOM and OV2640 cam-
era. The robotic system is expected to cost approximately
$45. Other studies have investigated similar robotic systems
for pipe inspection and data gathering !>. However, the main
focus of this paper is the image-processing system rather than
the robot itself.

The image-processing evaluation was tested on public QV-
Pipe dataset frames rather than robot-collected field footage.
Image processing is implemented in Python using OpenCV
and NumPy. The image-processing workflow consisted of
four major stages: image acquisition, preprocessing, center es-
timation, and cylindrical unwrapping. First, pipe imagery was
taken from the selected QV-Pipe dataset, Second, every frame
tested was initially converted into grayscale and smoothed in
an attempt to reduce any small lighting variations. Third,
the center of the pipe was estimated using the darkest cen-
tral region of the image. Finally, the circular pipe view was
remapped into a rectangular image representation. This struc-
ture made it possible to test out each part of the system and
identify where errors occurred.

Dataset

The QV-Pipe dataset (Y.Liu, Y.Wang, et al.) contains 9.6k
inspection videos from real world urban pipes. Location-
identifying information, including streets and cities, is not pro-
vided in the publicly available dataset. Videos were recorded
using CCTV crawlers with forward facing cameras. The
dataset contains a multitude of pipe conditions that include
intact pipes, pipes with damage, and flooded or debris filled
pipes. For this study, the available Track 1 archives were
downloaded, extracted, and combined into a local folder con-
taining 531 MP4 files. One file could not be decoded because
its MP4 container produced a “moov atom not found” error,
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leaving 530 videos for analysis. Publicly available documen-
tation did not provide reliable information on pipe-wall mate-
rials, pipe diameters, or recording hardware, so these charac-
teristics are not reported.

Image Acquisition

The method is intended for forward-looking images where the
pipe appears as a circular tunnel with a visible dark central
area. This requires the assumption that the camera is suitably
far enough away from any pipe exit so that the pipe’s cross-
section appears like a full circle. This assumption is possible
as it is a frame-selection criteria. Frames near entries or ex-
its were excluded during classification as they are classified as
POOR-tier and are automatically filtered out before unwrap-
ping. This assumption is important because the unwrapping
process depends on estimating a center point. If the camera is
tilted and cannot maintain full visibility of the pipe or if wa-
ter partially blocks pipe visibility, the circular geometry of the
pipe is much harder to detect. These situations were useful for
testing limitations, but were much less reliable at producing
ideal rectangular representations.

Preprocessing

Each image is converted to grayscale so that the center can
be analyzed. The image was converted to grayscale because
the center-detection process depends on brightness rather than
color. In most forward-looking pipe images, the center of the
pipe appears much darker than the surrounding wall. This is
because less light reaches the far interior of the pipe, result-
ing in the color difference. This makes grayscale intensity a
useful factor in identifying the pipe center. After converting
the image to grayscale, a Gaussian blur with a 5 x 5 kernel
was applied to reduce high-frequency noise and smooth inten-
sity variations. Preprocessing was necessary as pipe images
often contain shadows, low contrast, or uneven illumination.
The Gaussian blur reduces the influence of random outliers,
small stains, or artifacts that could lead to an inaccurate center
estimation.

Center Estimation

The search for the pipe center was limited to a center region
to avoid shadows and other irrelevant parts of the background:
The algorithm searches in this region over grayscale thresh-
olds to segment dark candidate regions that could correspond
to the pipe center. The algorithm calculates the average gray
value of different parts of the image and the area of each part.
This is one of the most important steps for center detection,
because the estimated center is used in the unwrapping pro-
cess. If the center is correct, the unwrapped image is very
stable on the pipe wall. If the center is off then one side of the

pipe could be stretched and the other compressed. To avoid
false detections of the center, the search is constrained to be
within the central 70% of the width and height of the image.
The above is based on the assumption that the robot viewing
angle is almost parallel to the pipe axis and the center is in this
region. From 10 to 140, darkness thresholds were tested in in-
crements of 10. This range was selected after performing a
sensitivity sweep of 100 frames. When the darkness threshold
bound was changed from 140 to 200, no change was detected
in any frame. However, when lowering the lower bound from
10 to 5, the detected center shifted greatly (mean shift 59 px,
up to 698 px on one frame). Thus 10 was kept as the floor. The
method tests the image in increments of 10 as it minimizes
the calculations required significantly while maintaining the
same level of accuracy. Additionally, the minimum area cut-
off was kept at 50 as when the minimum area was changed to
100, 200, or 500, the detected image center shifted on aver-
age by 49, 71, and 92 pixels respectively. On the other hand,
varying the maximum area cutoff from 5% to 50% produced
no change. No noticeable center change was present when
maximum area cutoff ranged from 5% to 50%, so a moderate
20% was used. For each threshold value, pixels with grayscale
value less than the threshold were marked as possible center
points. Very small regions (area < 50 pixels) were also ig-
nored since these are more likely to be stains or shadows than
the actual pipe opening. Any component larger than 20% of
the image area was discarded as a possible center point. Where
no criteria were met, a second estimate was made based on the
darkest available area of the central region. This is useful in
images where the original process is less effective e.g. partial
water coverage images. However, this estimate is less robust
than the main one as the darkest area in the frame is not always
the actual center.

Radius Estimation

After detecting the center of the pipe, the inner radius r and
the outer radius R are estimated by sampling the brightness
values along 360 radial lines at each distance from the center
to the edge of the image. This produces a radial brightness
profile outwards of the image. The gradient of the averaged
radial brightness was calculated to identify the strongest in-
tensity transitions. The interior radius r is the transition from
dark to bright in the pipe opening. This is usually 5%—-50%
of max radius. The outer radius R is the brightness that falls
from bright to dark at the pipe wall. The confidence score
is calculated by the strength of these brightness transitions. If
the inner radius exceeded the outer radius, or if the visible wall
thickness was less than 10% of the maximum possible radius,
fallback estimates were used and the radius confidence was set
to zero. A check was conducted on two images in which the
inner and outer radii were estimated manually as 96 and 256
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pixels. The algorithm provided estimates of 95 and 255 pixels,
respectively.

The QV-Pipe dataset does not have information about pipe
dimensions or about camera settings, so the accuracy that is
shown by this test has to be seen as a check, not a guarantee
of accuracy. Thus, in order to create a verified accuracy study,
it would be necessary to have pipe imagery with known radii.

Cylindrical Unwrapping

Once the pipe center has been estimated, the circular image
is transformed into a rectangular representation by using po-
lar remapping. Pixels are remapped from polar coordinates to
Cartesian coordinates through a linear transform. In the un-
wrapped representation, angular position is expressed as the
horizontal axis on the map and radial distance through ver-
tical axis. Remapping is based on geometric transforms in
OpenCYV, where pixels from the original image are taken and
reassigned into new positions in the output image. To unwrap
the image, the algorithm takes pixels along radial lines from
the estimated center and rearranges them to form the rectan-
gular image. Each column in the rectangular representation is
a different angle along the pipe, and each row represents a dif-
ferent radial distance from the estimated center. This turns the
pipe image into a rectangular remapped one. The rectangular
format is intended to make the pipe wall easier to inspect and
compare across frames. The unwrapping process has two dif-
ferent radius values: the inner radius r, representing the inner
bore boundary, and the outer radius R, representing the outer
pipe wall boundary. The output image height was defined as:

H=R-r

The output image width was defined as:

W =2nR
For each output pixel (#,v), the angular coordinate was cal-
culated as:
u
6=2r(:)
w

The radial coordinate was calculated as:

p=r+v

The corresponding original image coordinate was then cal-

culated as:
X=xp+psin6, y=yo+pcosO

where xo and yg are the x and y coordinates of the pipe’s
estimated center. The coordinates were then used with
OpenCV’s remap function, which sampled pixels from the
original image. If the mapped coordinate was outside the orig-
inal image boundary, the output pixel was filled with black.

Evaluation

The algorithm was qualitatively tested by visually inspecting
the center estimate to verify if it was reasonable and to ensure
that the output image contained the entire pipe wall without
distortion. The key factors in producing a clear and readable
representation are lighting, shadows, and visibility of the cen-
tral dark region. There were three main criteria of evaluation.
First, the discovered center must correspond to the pipe axis.
Second, the selected inner and outer radius must not contain
an excessive amount of empty space in the background but
should include the pipe wall. Third, the unwrapped result must
demonstrate the wall features in such a way that can be in-
spected easily. After unwrapping the images, if the pipe wall
is interpretable, frames are considered successful. If this cen-
ter estimation is inaccurate due to light, shadows, water, or
if the visible ring on the wall is too thin to build a rectangu-
lar representation, the frames are regarded as unideal. A sub-
set of videos in the QV-Pipe database was classified to check
how many could be unwrapped properly using the proposed
method. To quantify center-detection accuracy, 100 GOOD-
tier frames were manually reviewed by two separate review-
ers. The raw center coordinates assigned by both reviewers for
all 100 evaluated frames are provided in the project GitHub
repository as reviewer_center_coordinates.csv. The 100 test
frames were drawn from a combination of GOOD-tier videos
interval sampling. Only 78 videos were classified as GOOD-
tier, the additional frames were taken from randomly selected
GOOD-tier videos. One frame was selected at the 10% mark
from each of the 78 videos and an additional frame was taken
at the 50% mark of the 22 random GOOD-tier videos to pro-
duce a net sample size of 100 frames. However, the 100 man-
ually reviewed frames can’t be considered as statistically in-
dependent because 22 of the videos contributed two frames.
To determine the manually reviewed centers, reviewers were
provided enlarged frames and selected a point that appeared
to be the center of the pipeline. The center of the 100 frames
were classified using the same procedure by the reviewers so
that reference points were consistent across the sample. For
center estimation, 50 frames were chosen randomly from the
100 frame sample and tested upon. The reference center was
defined as the coordinate-wise average of both reviewers es-
timates. The algorithm-estimated center was then compared
with the manually estimated center using Euclidean pixel er-
ror:

€= \/(xalg _xgt)2 + (yalg _ygt)2

Where (Xag, Yaig) is the center estimated by the algorithm
and (xg,ye) is the manually estimated reference center. To
account for different pipe sizes across frames, error was also
normalized by the detected outer radius R:
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Normalized error (%) = (%) x 100

If the error was less than or equal to 5% of the outer
radius, the center estimate was considered successful; the
SSIM seam-continuity metric shows that distortion reaches
0.60 at this displacement, representing a meaningful degra-
dation threshold. A tolerance of 10% of R was also reported
as the point beyond which SSIM plateaus (0.56), indicating
that further displacement no longer produces proportionally
worse distortion. The inter-rater agreement for the manually
assessed pipe center was assessed using ICC(2,1): two-way
random effects, single-measure, absolute-agreement model.
The reviewers demonstrated good agreement with an ICC of
0.98 for the x-coordinate and 0.99 for the y-coordinate. The
mean Euclidean distance between the reviewer estimations
was 17.19 pixels, meaning that there was close agreement be-
tween the two reviewers in their center estimation.

This inter-reviewer distance represents the measurement
uncertainty of the manual reference. Since the algorithm’s
mean error is similar in magnitude to the mean Euclidean dis-
tance between the two reviewers, a part of the reported error
may have come from reference uncertainty rather than cen-
ter detection inaccuracy. The concept of polar to Cartesian
remapping was adopted from Deng et al in this paper. This
work contributed a darkness based center detection system
that is different from their Otsu-based central-region centroid
approach, automated radius estimation via radial intensity pro-
filing, and an evaluation on 100 frames of GOOD tier quality.
In order to provide a comparison with Deng et al., the original
pipe images and their corresponding outputs from the paper
were examined. The original images were processed using
the proposed method, and the resulting estimations were com-
pared with the center locations displayed in Deng et al.’s pro-
cessed figures. The estimated centers differed by around 7.6
pixels with less than 0.6 pixels of vertical difference. How-
ever, Deng et al. did not provide source code or center co-
ordinates of the pipelines in which they ran their tests on. In
addition, extracting the images from their paper may introduce
uncertainty through resizing and cropping. Therefore, the dif-
ference in center estimation cannot be used as a comparison
of accuracy, but as a measure of output disagreement. One
method cannot be considered more accurate than the other be-
cause independent center coordinates were not provided for
comparison. Additionally, an objective, reference-free met-
ric was created. Since the remapped image is periodic in the
angular coordinate, then leftmost and rightmost columns of
the output represent positions in the pipe wall right next to
each other and should match when the center and radii are cor-
rect. This was measured using the structural similarity index
(SSIM) between the first and last columns of the unwrapped
image. When tested upon the 100 frame GOOD-tier sample,

the mean seam-region SSIM was 0.750. Another experiment
was also run to test how center-estimation error affects the
quality of the image unwrap. 25 GOOD-tier frames were se-
lected at random. In each frame, the detected center was in-
tentionally shifted by 2%, 5%, 10%, 15%, and 20% of R in
the four cardinal directions. Each center-shifted frame was
compared to the baseline using seam-region SSIM. Distortion
increases sharply even for small errors: SSIM falls from 1.0
at 0% displacement to a mean of about 0.66 already at 2% of
R, then to about 0.60 by 5% and 0.56 by 10%, after which it
flattens.

Results

The image processing system finds a center point for the pipe
and generates an unwrapped rectangular panorama of the pipe
wall based on the center point. The center detection system
takes into account different darkness thresholds and selects
the darkest zone that satisfies all requirements. If the images
had the dark center area of the pipe, the program provided
a usable estimate of the pipe center. The algorithm is most
accurate when there is a clear visible pipe all around a dark
central region. In these cases, the method selects an estimated
center near the manual reference center and unrolls the pipe
with minimal distortion. This illustrates that the algorithm
can successfully transform a circular camera view into an in-
terpretable rectangular representation. Once the algorithm de-
tected a center point, the unwrapping function converted the
image of the pipe from a circle to a rectangular flat view. This
aids the visual inspection of the side of the pipeline and re-
duces the challenge of interpreting curved walls of the pipeline
in the original image. The rectangular format also enables
comparisons to be made between different regions of the pipe
wall. The original image shows the left, right, up and down
sections of the pipe arranged around a circular center. The
rectangular panorama shows the pipe-wall in a readable way in
the unwrapped representation view. This is particularly useful
for defects such as cracks, deposits or discoloration as these
are seen as features on a flattened wall rather than on curved
markings within a tunnel. The method is most effective for
cases where the inside of the pipe exhibits a well defined dark
central region and shadows are minimized. Under these condi-
tions, the Euclidean center error of the center-detection algo-
rithm on a manually evaluated set of GOOD-tier frames was
20.79 pixels on average. Errors in center estimation are no-
ticeably larger in frames which have poor lighting, shadows,
or non-uniform geometry. When lighting is not uniform or
if there are shadows, the algorithm often selects dark regions
which are less reliable. In these cases, the output was slightly
distorted. The algorithm displayed some limitations but still
demonstrated the image unwrap process. Normally the pro-
cess would fail for three main reasons: insufficient light, par-
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tial coverage by water and lack of circular geometry. In poorly
lit frames, the darkest region did not correspond to the center
of the pipe clearly. Shadows along the sides of the pipe could
pull the center estimation away from the true center. In par-
tially filled pipes, water reflections changed the appearance of
the pipe, removing the circular shape. It became difficult for
the algorithm to detect a circular pipe. In some images of the
QV-Pipe dataset, the camera was only able to capture the top
part of the pipe and not the whole cross section of the pipe.

QV-Pipe Video Classification

In an analysis to determine how effective the unwrapping pro-
cess was, a subset of 530 videos from the QV-Pipe dataset 10
were classified based on their compatibility with the pro-
gram’s requirements. Every video was assigned one of four
different tiers of image quality. This classification will help
determine the frequency at which pipe imagery will be appro-
priate for the method described in this paper. The algorithm
is most accurate when the pipe’s cross section appears like the
circle and where the central area of the pipe can be clearly
seen.

Table 1 Pre-unwrapping image quality classification tiers and crite-
ria.

Tier Description Count %

GOOD Circle detected confidently; sufficient wall visible 78 14.7
MARGINAL  Circle detected but one quality factor is weak 52 9.8
ARCH No full circle found; only a partial bright arch 376 70.9
POOR No circle and no arch; frame too dark or occluded 24 45
Total 530 100

Out of 530 videos, 78 videos or 14.7% were classified as
GOOD. These videos demonstrated a clear circular pipe view
and had enough wall area to unwrap. Another 52 videos, or
9.8% were classified as MARGINAL. Those videos could be
processed but exhibited one or more factors that could lead to
inaccuracy, such as lower contrast, or a thinner visible wall
ring. Together, the GOOD and MARGINAL categories repre-
sent 130 videos, or 24.5% of the dataset used. This suggests
that around a quarter of the tested videos are appropriate for
the current method. GOOD and MARGINAL videos repre-
sent situations where most, if not all the factors have been met,
suggesting a successful unwrap. ARCH and POOR categories
both represent other situations where the algorithm will strug-
gle and where additional processing would be needed. These
classifications help identify which frames would require a dif-
ferent approach for a successful image unwrap. The 1/R ratio
is the ratio of the inner bore radius to the outer pipe radius. A
low value means a wide visible wall annulus, meaning more
of the pipe surface is in frame and can be unwrapped. Videos
with /R < 0.65 qualify as GOOD; those with 1/R in the range

0.65-0.80 are MARGINAL; above 0.80, the visible wall ring
is too thin to be useful. The fill fraction is defined as:

R
Cr= 05 -min(h,w)

Videos with a fill fraction greater than 0.40 qualify as
GOOD. Fill fraction measures how much of the image the de-
tected circle fills. The denominator represents the maximum
possible radius of a circle centered in the image, so a fill frac-
tion of 1.0 would indicate that the detected pipe circle almost
fills the smaller image dimension. A higher value means the
pipe occupies more of the frame, giving more pixels of wall
to inspect.; 0.25-0.40 is MARGINAL; below 0.25, the circle
is likely a false positive. The ARCH category was assigned
when no circular cross-section was found but the algorithm
detected a wide bright arch across the upper part of the frame,
which is characteristic of a pipe that is partially filled with wa-
ter. Of the 530 videos, 78 (14.7%) are directly suitable for
unwrapping and a further 52 (9.8%) are borderline. The ma-
jority, 376 videos (70.9%), are classified as ARCH, indicating
that much of the QV-Pipe database consists of footage from
partially filled pipes. This result shows that many QV-Pipe
dataset videos do not match the ideal circular geometry as-
sumed by the algorithm. The POOR category contained 24
videos (4.5%) where the frame was too dark, occluded, or un-
clear for reliable processing. This shows that the algorithm
performs well in mostly visible pipes while imagery with a
weak circular geometry leads to unwrapping issues. Further-
more, a Kruskal-Wallis test was run on mean frame brightness
across the four classification tiers. A significant association
(H(3) = 27.9, p = 3.9 x 107%) was found between the tiers:
the POOR tier had a quite low mean brightness (97.3) com-
pared to GOOD, MARGINAL, or ARCH tiers (approximately
126-129), indicating that lower brightness was associated with
POOR classifications.

Center-Detection Accuracy

To validate whether the center-detection step was perform-
ing accurately, we manually inspected 100 frames from the
GOOD tier. Then 50 frames were chosen at random from the
manually inspected pool. The estimated apparent geometric
center of the visible opening of the pipe was manually esti-
mated for each frame and compared with the estimated center
by the algorithm. Error was calculated as Euclidean pixel dis-
tance, further normalized by detected outer pipe radius R. The
average center error for the 50 GOOD-tier frames was 20.79
pixels, with a median of 8.7 pixels. The mean normalized
error was 9.58% of R and the median normalized error was
3.86% of R. At the 5% reporting point, 29 of 50 frames were
within the specified displacement. At the 10% reporting point,
38 of 50 frames were within the specified displacement. These
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assessments represent performance at two different represen-
tative points on the center-error sensitivity curve. This shows
that unwrapping quality decreases rapidly for small changes
in the estimated center before eventually leveling out.

Table 2 Quantitative center-detection accuracy on 50 GOOD-tier
frames.

Metric Result
Number of evaluated GOOD-tier frames 50
Mean Euclidean center error 20.79 px
Standard deviation 30.19 px
Median Euclidean center error 8.70 px
Mean normalized error 9.58% of R
Median normalized error 3.86% of R
Frames within 5% of R 29/50 = 58%

Frames within 10% of R 38/50 =76.0%

The results show that the center-detection method can pro-
duce close center estimates on many GOOD-tier frames.
However, the accuracy of the method can still be affected
by shadows, uneven lighting, as well as several other factors.
This concurs with the error analysis that center estimation is
the main factor that controls the quality of the final unwrapped
representation.

Computational Performance

The whole pipeline takes about 27 ms to process a single
frame, i.e. 36.8 frames per second processing speed. The
threshold sweep takes 55.5% of time because connected-
component analysis is performed at 14 threshold values. This
could be sped up by binary search on the thresholds, or by
attempting GPU acceleration. This system was tested on an
Intel i7 CPU. Real-time performance was not evaluated.

Table 3 Per-stage processing time averaged over 50 iterations on a
640 x 640 pixel image (Python 3.10, OpenCV 4.8, NumPy 1.24;
Intel i7-12700H, 16 GB RAM). The first (cold) call took 75.8 ms,
~3x the 27 ms warm-call average; all values are warm-state timings.

Processing Stage Mean (ms) Std (ms) % of Total
Grayscale Conversion 0.38 1.18 1.4
Gaussian Blur (5x5) 0.51 0.66 1.9
Crop Central 70% 0.01 0.00 0.0
Threshold Sweep (14 thresholds) 15.10 1.01 55.5
Centroid Computation <0.01 <0.01 0.0
Radius Estimation (r/R) 6.27 0.04 23.1
Coordinate Map Generation 2.73 0.03 10.0
OpenCV Remap 2.19 0.29 8.0
Total Pipeline 27.18 3.09 100

Sample Results from the QV-Pipe Dataset

Figures 1-3 show sample frames of the QV-Pipe database pro-
cessed by the center-detection algorithm. Each image shows
the original forward-looking circular view with the detected
pipe center as a blue dot, the estimated inner radius as a green
circle and outer pipe boundary as a red circle. The detected
inner radius r and outer radius R for each frame is shown in
the top left.

Figure. 1 Center detection on a QV-Pipe frame. The blue dot marks
the detected pipe center; the green circle marks the estimated inner
sampling radius r; the red circle marks the estimated outer sampling
radius R.

The sample frames highlight the strengths and weaknesses
of the approach used in this paper. In frames without any ob-
structions, the estimated center is quite accurate when com-
pared to the manual reference center, providing a basis for im-
age unwrap. However, in frames with sediment or water, the
process becomes significantly more challenging for the pro-
gram. The center can still be estimated as long as the circular
wall is visible. However, the sediment and water often tends to
break up the circular shape of the pipe, making center estima-
tion inaccurate. This means that image unwrapping is possi-
ble when the pipe’s contours are visible, but becomes difficult
when obstructions limit the usable wall area.

Discussion

The pipe images assume that the pipe is circular, the water low
enough for the pipe wall to be visible, and that the camera is
parallel to the pipe axis. The assumption that the pipeline has
a circular cross section is valid for the majority of sewer pipes
but does not focus on non-circular geometries. For such cross
sections, the polar unwrapping would not work, causing non-
uniform stretching or compression in the output. Expanding
the method to fit non-circular pipes would require detecting
the boundary contour and applying an adaptive radial map-
ping. QV-Pipe imagery was used to examine a wide range

© The National High School Journal of Science 2026

NHSJS Reports |7



-

o] s

Figure. 2 Center detection on three frames from video 277172 (ARCH tier) at (a) t=5s, (b) t =10 s, and (c) t = 14 s. The green and red
circles mark r and R estimated from the visible upper arch; the thin annulus reflects the limited wall region available for unwrapping.

of pipe conditions. The images show visual distortion of pipe
features, which is expected when unwrapping a cylinder into a
rectangle. This distortion is a tradeoff of the method. The orig-
inal camera frame preserves the tunnel-like view of the pipe,
but it is difficult to inspect because the wall curves around
the center. The rectangular representation may make the wall
easier to examine, but it cannot perfectly preserve the geome-
try of a curved surface. For inspection purposes, this tradeoff
is acceptable because the goal is to improve visual interpre-
tation and documentation rather than create a perfect three-
dimensional reconstruction. This paper demonstrates that un-
wrapping pipe imagery into a remapped image can improve
the visual interpretability of inspection images by making the
pipe wall easier to examine. In the original circular camera
view, defects are hard to view because they are curved around
the center and appear radially distorted. Defects visible in the
source image are remapped into the rectangular representa-
tion. The results suggest that rectangular representations can
serve as an intermediate representation between raw camera
footage and potential downstream automated analysis!’20,
Lighting conditions are a major factor that directly affects
the algorithm’s ability to accurately detect the center. The
algorithm utilizes the detection of the dark central region to
identify the pipe center. However, this assumption fails when
water creates a reflection that can hide the dark center, when
light enters and creates a bright spot, or when dust and debris
cover the pipe opening, removing the dark region. In other
studies, water level has been treated as a separate problem
for computer vision through estimations with deep-learning?!,
demonstrating that water levels are an important visual condi-
tion in pipe inspection. In the QV-Pipe dataset, such frames
were classified as a POOR-tier and excluded from the analy-
sis. In true deployment, various strategies such as histogram
equalization or multi frame averaging could mitigate the ef-
fects of lighting variability but these strategies were not eval-
uated in this paper. Future systems could first unwrap the pipe
wall and then analyze the rectangular representation instead of
trying to detect cracks or deposits from the pipe. This would
make defect locations easier to describe because each point on

the pipe wall would have a more consistent position in the out-
put image. For example, a crack running along the pipe wall
could be followed more easily across a remapped output than
in the original circular view.

Comparison with Prior Work

Compared with prior pipe and borehole image-processing
methods, this work emphasizes a simpler and lower-cost pro-
cessing system for forward-facing pipe inspection images.
Deng et al.” also transform forward-looking imagery into a
cylindrical panorama, but their work focuses on borehole anal-
ysis rather than drainage-pipe robot imagery.

Kiinzel et al.'® and Hansen et al.!! use imagery from
fisheye lenses for sewer-pipe analysis and for pipe mapping
whereas the process in this paper uses forward-facing cam-
era images. Zhang et al.'? use a structure-from-motion-based
method that uses movement across several frames in order
to support image unwrapping and stitching. It also requires
3D construction and specialized imaging hardware, something
this paper does not use. However, the method used in this pa-
per does depend on several assumptions about pipe shape and
inspection conditions. The pipe cross-section is assumed to be
circular and the water low enough for the majority of the pipe
wall to be viewable. The proposed image-processing method
was tested using QV-Pipe dataset imagery. Thus, conclu-
sions about deployment must only be limited to tested image-
processing conditions. As such, no evaluation-ready footage
from the robot’s camera was utilized in this paper. Thus, ex-
ternal datasets were used to evaluate footage from partially
filled pipes. The QV-Pipe results show that real-world sewer
footage is far more complex than ideal imagery. Most of the
dataset was classified as ARCH rather than GOOD, which
suggests that water level and partial visibility are major chal-
lenges. However, this does not invalidate the method but in-
stead defines the conditions in which the method is most use-
ful. The algorithm is optimal for dry pipes, storm drains, or
pipe sections where the circular pipe geometry is clearly vis-
ible. For sewer pipes that are partially filled, a modified ap-
proach may be needed. This could be unwrapping only the
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Table 4 Comparison of this work with related pipe and borehole image-processing approaches.

Method Camera / Input Type Approach Uses 3D Main Output Complexity
Geometry?

Z. Deng, M. Cao, Y. Geng, L. Rai Forward-facing borehole ~ Cylindrical panorama generation No Panoramic borehole view Medium
video for borehole analysis

J. Kiinzel, T. Werner, R. Méller, P. ~ Monocular fisheye Automatic sewer-pipe analysis by No Unrolled pipe Medium

Eisert, J. Waschnewski, R. Hilpert  pipeline imagery unrolling imagery representation

P. Hansen, H. Alismail, P. Rander, = Monocular fisheye Pipe mapping using camera No, map- Pipe map High

B. Browning imagery imagery focused

D. Zhang, W. Jackson, G. Dobie, Small-bore pipe Structure-from-motion-based Yes Unwrapped and stitched High

G. West, C. MacLeod inspection imagery image unwrapping and stitching pipe panorama

This paper Forward-facing imagery ~ Center detection and No Polar-remapped rectangular Low

polar-to-Cartesian unwrapping

representation

visible upper arch or combining the camera with depth sens-
ing. Another important aspect of the methodology used is dis-
tortion. When unwrapping a cylindrical surface onto a rect-
angular plane, some geometric distortion is to be expected. If
the camera is not at the center of the pipe, distortion can be-
come severe. Distortion can occur if the pipe wall is not evenly
illuminated, or if the center detection system selects an inac-
curate center. These factors can greatly decrease the accuracy
of the final output image and must be addressed in future ver-
sions of the algorithm. A current limitation of the approach is
that it assumes that the camera is aligned with the pipe axis.
However, in real inspections, the robot can tilt, rotate, or even
move off-center as it travels through the pipe. When the cam-
era is not parallel to the pipe, then the pipe would not appear
as a symmetric circle. Even without a full circular frame, an
estimated center can still be calculated, however inaccuracies
may make parts of the image stretched and other regions com-
pressed. This means that the rectangular representation cre-
ated by the algorithm is best used as an aid in inspection, not a
perfect reconstruction of the pipe. Another limitation that the
algorithm has is that it is too dependent on brightness differ-
ences. The center estimation works by assuming that the pipe
center is darker than the pipe wall. This works well in many
situations, but can fail when shadows, stains, or even water are
darker than the actual pipe center. Uneven lighting can also
create false dark regions. Updated versions of the algorithm
could improve this flaw by combining darkness-based cen-
ter detection with edge detection, circular Hough transforms,
optical flow, or machine-learning-based segmentation. De-
spite the flaws, the approach remains a useful low-cost image-
processing tool for pipeline inspection. This demonstrates
that even with simple computer-vision methods, pipeline im-
agery can be converted into a representation that is easier to
interpret. From an engineering perspective, the value of this
approach lies with its simplicity and low cost. The method
does not require specialized equipment, expensive sensors, or
complex training data. Instead, it uses standard image pro-
cessing tools and operates on ordinary camera frames. The

current method is simple and does not require any special-
ized equipment and thus is practical for student-built robots,
small municipalities, and early-stage prototypes. Currently,
the method cannot operate under every field condition, but it
does demonstrate how software processing can be useful in
robotic inspection imagery. A few things must be worked on
for future versions. First, the algorithm must be altered so that
other factors such as shadows and uneven lighting no longer
influence the accuracy of center detection accuracy. Second,
the system should be tested with a waterproof robot so that
partially filled pipes can be tested more rigorously. Third,
a frame-to-frame stitching method should be created so that
the final output can form a continuous rectangular wall map.
Fourth, a downstream analysis module could be integrated af-
ter unwrapping to assist in identifying pipe conditions such as
cracks, sediment buildup, corrosion, or blockages. Fifth, con-
fidence scores should be added in the algorithm to display how
trustworthy the rectangular representation will be per frame.
A high confidence score would mean that the frame does not
have any unsuitable factors and has adequate center-wall con-
trast. Low confidence scores would warn that shadows, water,
and a lack of circular geometry make the unwrapped repre-
sentation less reliable. This would allow the system to au-
tomatically identify high-confidence frames that are suitable
for wall analysis and low-confidence frames that would need
additional processing. These improvements would make the
algorithm into more of a complete inspection tool rather than
just visual enhancement. Existing methods have applied neu-
ral networks, hierarchical classifications, or other transforms
to defect detection in CCTV footage. Cheng and Wang '3, Ku-
mar et al.!'®, Hassan et al.2%, and Meijer et al.22 developed
neural network based methods for defect detection whereas
Li et al.?*> and Xie et al.?* used hierarchical classification to
break up the defect detection into different tasks. Hierarchi-
cal approaches have been created to address the uneven dis-
tribution of sewer defect classes>>2>. These methods main-
tain the original tunnel perspective and produce labels for de-
fect analysis. However, this study doesn’t classify defects but
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Figure. 3 Stitched polar unwrap produced from video 277172
(ARCH tier, starting at t = 2 s), note: The stitching is illustrative
only. It is not part of the proposed unwrapping pipeline and was not
formally evaluated in this work.

instead remaps the pipe walls into a rectangular representa-
tion. Labels could be used with these remapped images but
the model would have to be specifically trained for that type
of image before analysis2°. Other studies locate defects within
the original image rather than assigning labels?’~32. These ap-
proaches produce bounding boxes that are tied to the original
camera point of view. This study’s rectangular representa-
tion could describe a detected location in angular and radial
coordinates, which could make its position in the pipe easier

to describe. However, bounding-box methods currently used
cannot be directly used as they must be transformed to ac-
count for the changed coordinate system. Other approaches
combine multiple frames when tracking defects or utilize 3D
constructions of the pipes333*. These methods use multiple
frame geometry whereas the current system remaps individual
frames without creating a three-dimensional structure. Other
complex methods utilize semantic segmentation or pixel seg-
mentation to assign defects at the pixel level >>3°. The method
described in the paper is a lot more computationally simple but
lacks some of the detailed spatial output provided by previ-
ously mentioned methodologies. Overall, the polar-remapped
representation is not a classifier or detector. It is intended to
act as a possible intermediate step before specific detection
methods are applied. The present study does not demonstrate
that image remapping improves defect detection performance
or accuracy.

Conclusion

The project demonstrates that pipe inspection images ac-
quired in a forward-looking mode can be transformed into
a polar-remapped rectangular representation using low-cost
computer-vision techniques. The main contribution of this
work is an image-processing pipeline to convert circular views
of pipes into polar-remapped rectangular representations. This
representation organizes pipe wall imagery into angular and
radial coordinates. We present a Python-based image process-
ing system that maps circular forward-looking pipe images
to polar-remapped rectangular representations using polar-to-
Cartesian remapping. Grayscale blob analysis was used to
estimate pipe center and images were unwrapped around the
central 70% of the image. The quantitative evaluation on 50
GOOD frames shows that the center-detection algorithm has
a mean center error of 20.79 pixels with 76% of the frames
within 10% of R. The uneven lighting and large shadows af-
fected the estimated center conditions and therefore the pro-
cess accuracy was decreased. The tests on the QV-Pipe dataset
demonstrated that the process can be applied practically and
can successfully process the selected images. Moreover, the
accuracy can be reduced by the reflections and obscured areas
of the pipe walls, which make it difficult to measure partially
filled pipes. In sum, this paper clearly shows that low cost
computer-vision techniques can create a structured represen-
tation of the pipe and it can be used to improve inspection
and maintenance of pipeline infrastructure. However, the re-
sults also clearly show that there are limitations to the methods
used. The QV-Pipe classification is most effective in frames
where the pipe is circular and there is sufficient light. The
method is ineffective with ARCH-type videos. Future im-
provements of this study must focus on improving stitching,
center detection, confidence score for every frame and find-
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ing appropriate analysis tools to do post-processing. It works
best on a pipe wall that is mostly visible and evenly lit in a
circle. Accuracy is decreased by heavy shadows and weak
visibility of center, partly filled pipes. But these limitations
are useful in that they point out the next system engineering
challenge. This method can be made a more powerful tool
for maintaining drainage infrastructure by improving center
detection, stitching, adding a confidence score, and an auto-
mated pipeline condition analysis tool.
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