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A B S T R A C T

The International Roughness Index (IRI) is one of the most critical parameters in the field of pavement perfor-
mance management. Traditional methods for the measurement of IRI rely on expensive instrumented vehicles and
well-trained professionals. The equipment and labor costs of traditional measurement methods limit the timely
updates of IRI on the pavements. In this article, a novel imaging-based Deep Neural Network (DNN) model, which
can use pavement photos to directly identify the IRI values, is proposed. This model proved that it is possible to
use 2-dimensional (2D) images to identify the IRI other than the typically used vertical accelerations or 3-dimen-
sional (3D) images. Due to the fast growth in photography equipment, small and convenient sports action cameras
such as the GoPro Hero series are able to capture smooth videos at a high framerate with built-in electronic image
stabilization systems. These significant improvements make it not only more convenient to collect high-quality 2D
images, but also easier to process them than vibrations or accelerations. In the proposed method, 15% of the
imaging data were randomly selected for testing and had never been touched during the training steps. The
testing results showed an averaged coefficient of determination (R square) of 0.6728 and an averaged root mean
square error (RMSE) of 0.50.
1. Introduction

Pavement surface roughness is a critical factor that substantially
dominates the highway system's driving experience and transportation
safety. Many researchers and engineers dedicated enormous time and
efforts to standardizing the indicator of pavement roughness throughout
the world. Various indices, including Ride Index (AAA & GTH, 1981),
Present Serviceability Index (Highway Research Board, 1962), and
Pavement Condition Index (PCI) (Shahin et al., 1977), have been pro-
posed in the last century. However, such indicators are not replicable
across agencies or even within the same agency but at a different time
period (Sayer et al., 1986). In 1986, the Word Bank established the IRI
(Sayers et al., 1986), and it soon became the most commonly used
pavement roughness indicator worldwide due to its high reproducibility.

The IRI can be measured in either direct or indirect ways (Huang,
2004). Direct methods include traditional longitudinal surveys by rod
and level or advanced laser-type profilometers. Indirect methods mea-
sure longitudinal profile by response-type road roughness meters. In
Alberta, Canada, the European Banking Authority (EBA) Company runs
the measurement of IRI for the provincial government by a direct
method. EBA Company scans longitudinal profile for every 50-m interval
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using their special vehicle mounted with 11 laser sensors (Tehrani,
2014). Then, the system inputs the profile into a quarter-car model al-
gorithm established by Sayers and Karamihas (Sayers and Karamihas,
1998) to get its IRI value. This mathematical model calculates the
simulated suspension motion on the scanned profile, accumulates it, and
finally divides it by the travelling distance to get the average suspension
motion per unit length. Therefore, the units of IRI are m/km or mm/m.
IRI scale is linearly proportional to the surface roughness (Sayers and
Karamihas, 1998), and a larger IRI indicates a rougher road surface.

As the key to IRI is the simulated vertical motion of the quarter-car
model, it is reasonable to assume that factors such as aggregate size,
cracks, potholes, and sealings can together determine the IRI because
these factors affect the driving experience in our common sense. A study
by Gong et al. (2018) confirmed that factors like transverse cracks, fa-
tigue cracks, rutting, block cracks, raveling, and potholes influence IRI, in
the sequences from the highest importance score to the lowest. In other
words, transverse cracks have the most impact. These mentioned factors
have a shared terminology named pavement distresses in the field of
pavement management.

Alberta Infrastructure has adapted the IRI as its pavement perfor-
mance measurement since 1998 (Moh and Roy, 2000) and applied it in
022
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two main aspects: 1) the trigger value for rehabilitation; 2) the pavement
rating standards. To improve the pavement management efficiency and
serve the public with better transportation infrastructure, the trans-
portation department, as a government body, must make more
methodical and effective decisions on whether the roads require repair,
rehabilitation, or routine maintenance. Thus, the IRI is employed as a
trigger threshold between preventative maintenance and preservative
repair. That is to say, preventative maintenance is required if the IRI
value of a segment is lower than the trigger value, while a preservative
repair is considered if it is higher than the trigger value. The trigger
values in Alberta are listed in Table 1 concerning varying traffic levels.

To make the highway conditions transparent and clear to the public,
Alberta Infrastructure (Moh and Roy, 2000) employs the IRI again as a
standard to rate highway conditions following the criteria proposed by
Jurgens and Chan (Jurgens and Chan, 2005) in 2005. The detailed
criteria are shown in Table 2.

Considering these two critical functions that the IRI serves, the
importance of IRI measurement is obvious. However, the cost of the
current laser road surface tester is high in the aspect of operation and
maintenance (Du et al., 2014). Therefore, researchers turned to finding
low-cost alternative methods to identify the IRI, and most of them have
chosen DNN-basedmodels (El-Hakim and El-Badawy, 2013; Zeiada et al.,
2020; Hossain et al., 2020; Ngwangwa et al., 2010; Qin et al., 2018).

Artificial Neural Networks (ANNs) are inspired by biological neural
networks and are one of the most popular Artificial Intelligence (AI)
methods. ANNs are widely known because of their excellent performance
in image recognition and classification (Wang, 2003). ANNs treat input
data as a bunch of numbers and tune the weights/biases tactically to
achieve the optimum model. Generally, the deeper the network is, the
more trainable parameters it has and thus the more information it can
learn from the given data.Therefore, ANNs are built deeper and deeper to
solve more complicated problems, and these deeper networks are called
Deep Neural Networks (DNNs).

On the other hand, Convolutional Neural Networks (CNNs) or Deep
Convolutional Neural Networks (DCNNs) are the fundamental techniques
that boost image recognition because of their excellent performances in
extracting feature maps (Ali et al., 2020). The core elements of CNNs are
the convolution kernels which are small matrices. These trainable kernels
can not only slide along the width, height, and depth of an image to extract
abstract features when propagating toward deeper layers, but also reduce
the number of computational parameters in ANNs (Albawi et al., 2017). In
fact, to some extent, CNNs make it possible to solve some complex image
recognition tasks that could never be accomplished by classic ANNs
(Albawi et al., 2017). CNNs have been extensively used in studies
regarding pavement management (Ali et al., 2020; Mei and Gul, 2020;
Karballaeezadeh et al., 2020; Maeda et al., 2018).

Despite the incredible power of DCNNs, it is not always easy or
practical to train a brand new one from scratch merely for a particular
Table 1
IRI trigger thresholds categorized by Annual Average Daily Traffic (AADT)
(Edmonton, 2006).

AADT IRI trigger threshold (mm/m)

<400 3
400–1500 2.6
1501–6000 2.3
6001–8000 2.1
>8000 1.9

Table 2
Highway pavement condition rating criteria (Jurgens and Chan, 2005).

Condition 110 km/h Highways (mm/m) Other Highways (mm/m)

Good IRI <1.5 IRI <1.5
Fair 1.5 < IRI <1.9 1.5 < IRI <2.1
Poor IRI >1.9 IRI >2.1
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task. Transfer learning, on the other hand, is a practical approach to train
neural networks in terms of saving time and dealing with limited data
(Wei et al., 2018). Transfer learning is inspired by the phenomenon that
human beings can transfer knowledge across different tasks (Wei et al.,
2018). It is a helpful technique that allows developers to improve the
performance and reduce the number of labelled data by transferring
knowledge from a source domain to a target domain (Wei et al., 2018).

The existing predictive models using ANNs can be classified into two
categories: past-based and present-based models.

Past-based ANN models are those networks whose inputs are histor-
ical data including, but not limited to, initial IRI, ages, distresses, climate,
soil types, traffic, structure, etc. When the researchers built their models,
most of them accessed the historical data from a program called the Long-
Term Pavement Performance (LTPP) program (Federal Highway
Administration, 2017) run by the Federal Highway Administration
(FHWA). The LTPP program was initiated by the Strategic Highway
Research Program (SHRP) in 1987 to extend pavement service life
through a series of professional and systematic investigations. Ten of
Canada's provincial highway agencies joined this program, including
Alberta Transportation. The LTPP collects performance data, including
IRI values, climates, traffic, deflection, distress, structure, maintenance,
rehabilitation, etc. In LTPP's 2017 report (Federal Highway Administra-
tion, 2017), they proclaimed that 2509 pavement test sections with
lengths of 500 ft (152.4 m) are monitored annually. This is a tiny portion
compared to the United States' total highway mileage of 164,000 miles
(264,000 km) (FHWA, 2011), not to mention the total highway mileage
around the world. For this reason, past-based models are not yet widely
used to predict the IRI.

Present-basedmodels, on the contrary, take advantage of instant data,
which can be collected on-site at once. The most common inputs are
vertical vibrations or accelerations of the driving probe vehicles,
measured by either specially designed sensors or some commercial sen-
sors including smartphones (Ngwangwa et al., 2010; Wong and Worden,
2005; Zhang et al., 2018; Souza et al., 2018). In spite of the lower ac-
curacy in comparison to past-based models, present-based models are
more operable, and the schemes are closer to the nature of IRI definition
(i.e., Sayer's quarter-car model) because the algorithm underlying the
definition of IRI employs dynamic motion, which is a synonym of vi-
bration and acceleration.

However, compared with the vibration data, imaging data are more
convenient to collectand storeand also be less likely to be affected by the
vibration of the vehicle. In addition, the proposed method can collect
data at the free-flow traffic which means that no traffic control is
required. In comparison, using acceleration data, one has to not only
maintain a constant speeding during every measurement, but also care-
fully calibrate the results when the speed varies (Zhang et al., 2018;
Mirtabar et al., 2022; Zhao et al., 2017; Nagayama et al., 2013). Although
various DNN-based models to detect, classify, and quantify distresses
using 2D images (Ali et al., 2020; Gopalakrishnan et al., 2017; Kumar
et al., 2020; Milhomem et al., 2018), there is currently no model that
directly uses 2D pavement images as the input to estimate the IRI.
Addtionally, DNN models using 3D images to evaluate the pavement
roughness (Abohamer et al., 2021; Tong et al., 2018), but the cost of the
required equipment is high (Ragnoli et al., 2018). Therefore, the model
presented in this paper aims to be the first attempt to use 2D images and
DNNs to directly predict IRI. To accomplish this objective, there is a
necessary pre-processing step to find an automatic method to develop
full-size orthorectified pavement images. The images must be orthor-
ectified because the sizes of distresses are significant when quantifying
the distresses, whereas it is difficult to measure their actual dimensions in
images taken from oblique angles. So, the processes of preparing the
50-m long pavement images are also presented.

The paper is organized as follows: Section 2 describes the procedures
and methods of ground truth collection and imaging data preparation.
Section 3 demonstrates the structure and training processes of the DNN
models. In Section 4 and Section 5, analyses and discussions of the testing
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results are presented. Finally, Section 6 concludes the article and lists the
potential improvements in the future.

2. Data collection and preparation

To train an imaging-based DNN for IRI identification, the images for
pavement segments and their corresponding IRI ground truths are
required. Therefore, the first step is to get the IRI ground truths. Herein,
the IRI values measured by the EBA company for Alberta, Canada are
taken as the ground truths. The second step is to collect the images of the
corresponding pavement segments. During this step, a series of image
operations are required to obtain a full-size orthorectified satellite view
image of each 50-m pavement segment. 50-m intervals are used to merely
match the current government-released IRI data.

2.1. IRI ground truths

Alberta Transportation annually posts the IRI data in Excel spread-
sheets (Government of Alberta, 2020). Information including road
numbers, lane codes, control section numbers, Global Positioning System
(GPS) coordinates, and IRI values are accessible to the public. For each
50-m segment, the latitudinal and longitudinal coordinates of the starting
and ending points are recorded along with its IRI values. The spread-
sheets record the inside (left-wheel path) and outside (right-wheel path)
IRI values for each segment. is a sample of how the information is
organized in the spreadsheets.

Table 3 is a sample of how the information is organized in the
spreadsheets.

Each row in the table represents a 50-m long segment. With the
precise GPS coordinates, the starting and ending points are clear for
every segment and can be used to link each piece of the image to its
corresponding pavement segment.

Before using the IRI datasheets, those road sections where repair and/
or rehabilitation were conducted after the IRI measuring dates, were
filtered out by comparing them with the 2020/2021 Provincial Con-
struction Program (Government of Alberta) released by the Government
of Alberta. The remaining road sections had not undergone any changes
after the last time that EBA Company measured the IRI values. The road
Table 3
Sample of international roughness index and rut data (Government of Alberta, 2020)

Road No Lane Code From Latitude From Longitude To Latitu

831 R1 54.1706 �112.8007 54.1710
831 R1 54.1710 �112.8007 54.1715

Fig. 1. GoPro Hero 7 Black mounted
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lanes were restricted to those running from south to north so that the
potential influences of the vehicle's shadow were eliminated because the
GoPro camera was mounted at the rear of the car. Thus, during summer,
the vehicle's shadow was in front of the vehicle in the Northern Hemi-
sphere. Afterwards, five road sections were picked near the City of
Edmonton from the filtered road sections, and their distributions are
listed in Appendix A.

2.2. Pavement surface images

2.2.1. Camera setup
To collect imaging data more efficiently, videos were first filmed in

linear mode (i.e., fish-eye effect disabled) with a GoPro Hero 7 Black
camera and then converted to images. The camera was mounted at the
rear of a BMW 328i xDrive, as shown in Fig. 1. This GoPro Hero 7 Black
camera can capture high-resolution videos of 1920 � 1080 pixels at a
frame rate of 120 fps. The mounting height is denoted as h ¼ 91.5 cm,
and the camera angle is α ¼ 45�, as indicated.

The cruise speed was 100 km/h, but deviations happened when
passing through villages or in a situation where the speed of the front
vehicle was slower because the testing vehicle was not allowed to change
lanes or overtake, but must stay within the investigated lane to avoid
missing any data. But these deviations had no impact when stitching the
full-size images because the stitching processes relied only on the GPS
coordinates rather than the speeds (see the following sections for more
details).

2.2.2. Overview of image preparation procedures
Fig. 2 illustrates the overview of the steps to collect imaging data.

Videos are taken at the beginning and then converted into sorted (i.e., in
order of time) image frames in step 1. For each 50-m segment, there
should be one image carrying all the distress information. Any extra
portions outside of this segment must be excluded from this image. In
addition, this image must be top view because the sizes and quantities of
the distresses are critical in IRI identification. As an example, if the image
is a perspective view, two cracks on the pavement surface of equal length
will occupy different numbers of pixels in the image due to perspective
distortion, with the one farther from the lens taking fewer pixels. This
.

de To Longitude IRI Inside IRI Outside Date Collected

�112.8007 2.08 1.20 8/25/2020
�112.8007 1.26 0.98 8/25/2020

at the rear of BMW 328i xDrive.



Fig. 2. Schematic procedures of the imaging data preparation.
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effect could greatly influence IRI identification. Therefore, the calculated
perspective transformations are performed on those images taken with
the rear-mounted camera to get their top view versions in step 2.
Nonetheless, it is difficult to have a single image covering the entire 50-m
long segment because the resolution at the far end is too low to process,
so several sorted images are stitched together in the designed sequences
to compose a completed full-size image in step 3. Since the IRI values are
divided into the left wheel path and right wheel path IRIs in the ground
truths, the stitched images are further cropped into the left wheel path
images and the right wheel path images in step 4. Finally, the images of
the left and the right wheel paths are ready to get fed into the neural
network. The detailed explanations for the image preparation are illus-
trated in the following sections.

2.2.3. Perspective transformation
The side view of the experimental setup is illustrated in Fig. 3. The

vertical field of view (FOV) of this camera is 55.2� (Anonymous). A, B, C
and D are the points on the pavement surface. A’, B’ and C’ are the
Fig. 3. Side view of the camera setup
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corresponding projecting points on the filmed images. Theoretically, A’,
B’ and C’ can translate freely along the camera's looking direction
depending on the size of the image, but these points are forced to align in
a line crossing point C to simplify the calculations.

By performing some simple geometrical calculations, we can obtain
the Longitudinal Filming Range (LFR) indicated in the above figure:

AD ¼ h ⋅ tanð90� � αþ FOV=2Þ ¼ 291:991cm
CD ¼ h ⋅ tanð90� � α� FOV=2Þ ¼ 28:674cm
LFR ¼ AC ¼ AD� CD ¼ 263:303cm

(1)

Fig. 4 shows a sample image of the pavement surface. The portion
surrounded by trapezoid Q’R’S’T’ is of interest because only this portion
contains the pavement information across the entire lane width R’S’. In
other words, the part closer to the camera has some missing pavement
information, as indicated by the dashed blue triangles.

If we want to perform a perspective transformation on trapezoid
Q’R’S’T’ to get its real shape on the actual pavement surface, as shown in
Fig. 5, the actual ratio between QR and RS is needed. In addition, it is
(modified from (Power, 2021)).



Fig. 4. Sample image.

Fig. 5. Perspective transformation.

Fig. 7. Scene simulation of a highway lane.
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known that the lane width (length of RS) of highways in Alberta is 3.5 m
(350 cm). Thus, the problem turns to calculating the length of QR or AB
on the actual pavement surface.

By doing some geometrical calculations we can compute the
length of AB is equal to 129.9 cm. The procedures are presented in
Appendix B.

Thus, the aspect ratio of the transformed rectangle QRST is 129.9/
350. A proportional resolution of 325 � 875 pixels is appropriate for the
rectangle QRST in every image. Fig. 6 shows a sample that demonstrates
the performance of the proposed perspective transformation.

2.2.4. Verification of perspective transformation
To verify the theoretical computations in the last section and

confirm that the proposed perspective transformation is acceptable, it is
necessary to measure the length of AB in situ. However, considering
safety risks on actual highway pavement, an indoor experiment was
conducted to simulate a highway lane, and the configuration is shown
in Fig. 7. The camera is mounted on the wall at the same height and
angle in the actual case, and it is located in the middle of the simulated
3.5-m wide highway lane. The rectangle Q’R’S’T’ is the portion of
interest.

The dimensions of the rectangle and its distance from the wall (i.e.,
simulated car tail) were measured onsite. The calculated and measured
results are compared in Fig. 8. Compared with the measured 120 cm, the
Fig. 6. Sample of calculated p
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calculated 129 cm is very close and acceptable. One of the possible
sources of error could be human errors such as that the camera angle was
not exactly set up to 45�.

2.2.5. Image stitching
The GoPro Hero 7 black camera can not only film high-resolution

images at a high travelling speed but also record the geographical co-
ordinates once several frames, as shown in Table 4.

The first column is the date and the time that the video was recorded,
where “T” is a separator between date and time and “Z” stands for Zulu
time (i.e., Greenwich Mean Time (GMT)). In the fourth column, relative
time counts the passing time from the first frame by calculating the time
difference between the current row and the first row. As the FPS of the
camera was set to 120, relative time was multiplied by 120 fps to get the
frame number in the last column.

Recalling the IRI ground truth sheets (Table 3), each row represents a
50-m long segment with its starting and ending coordinates recorded. By
comparing its starting GPS coordinates with the GoPro ones, the corre-
sponding starting frame number could be attained. If there are no iden-
tical coordinates in the GoPro GPS sheet, linear interpolation will be
applied to locate the frame number. The frame number is finally rounded
to the closest integer if it is decimal. The interpolation procedures can be
described in the following equation if the latitude of the given point is
Lati, and the two latitudes bounding Lati are Latlow and Lathigh, in the IRI
ground truth sheets:
erspective transformation.



Fig. 8. Comparison between theoretical and measured AB length.

Table 4
Sample of geographical data recorded by GoPro Hero 7 Black.

Date GPS (Lat.) [deg] GPS (Long.) [deg] Relative time [sec] Frame number

2021-07-10T18:44:03.114Z 53.7061583 �113.3200184 0 0
2021-07-10T18:44:03.480Z 53.7062536 �113.3200185 0.366 43.92
2021-07-10T18:44:03.847Z 53.7064032 �113.3200174 0.733 87.96
2021-07-10T18:44:04.214Z 53.7064307 �113.3200178 1.1 132
2021-07-10T18:44:04.819Z 53.7064714 �113.3200172 1.705 204.6

J. Zeng et al. 1 (2022) 100004
Framei ¼ int Framehigh þ Lati � Lathigh
Latlow � Lathigh

��Framelow � Framehigh
�

(2)

� �

where Framei is the corresponding frame number of the given point,
Framelow and Framehigh are the related frame numbers of Latlow and Lathigh.

An interpolation example can be found in Appendix C.
Using the samemethod, the ending frame numbers can be obtained as

well. After knowing the starting and ending frame number of each 50-m
(5000-cm) long segment, it is ready to stitch the transformed frames
together to get a completed image. If the starting frame number is N and
the ending frame number is M, each frame will contribute a small
segment length of lcm if assuming the speed is constant within the
interesting segment. As indicated in Fig. 9, lcm it can then be calculated as:

lcm ¼ 5; 000cm
ðM � N þ 1Þ (3)

The typical length of lcm is 25 cm, and it takes approximately 200
frames to compose a full-size lane image.

Using the proportionality between the actual rectangle size (129 �
350 cm) and the image pixels (325 � 875 pixels) as indicated in the
Fig. 9. Stitching transformed frames to ge
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transformed image in Fig. 10, the desired length in the unit of pixels, lpixel,
can be written as:

lpixel ¼ lcm
129cm

⋅ 325pixels ¼ 5; 000cm
129cmðM � N þ 1Þ ⋅ 325pixels (4)

As indicated in the original image in Fig. 10, within the trapezoid
Q’R’S’T which covers the full lane width, the bottom portion surrounded
in the green box is preferred because it is closer to the lens and thus has
undergone a minor perspective transformation. Stitching all the trans-
formed frames together, the resolution of the stitched full-size image is
12,500 � 875 pixels which are proportional to 50 � 3.5 m (5000 � 350
cm) on an actual 50-m long lane segment. But due to insufficient com-
puter memory, the original resolution of 12,500 � 875 pixels is too large
to experiment with. Therefore, the images are further resized to 6250 �
438 pixels, but the height/width ratio is unchanged.

To demonstrate the performance of the proposed stitching method,
Fig. 11 shows one of the stitched full-size lane segment images and the
zooming-in details.

However, to be consistent with a pair of IRI values for the left and
right wheel paths, it is necessary to further crop the stitched images into
t a completed image for one segment.



Fig. 10. Sample of how a transformed frame is cropped.

Fig. 11. A sample of the stitched full-size image composed of 200 frames (rotated 90�).
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the left and right wheel path images. However, it is almost impossible to
control the vehicle at the perfect middle of the lane at all times. Thus, the
cropped images must cover widths wider than the wheel width to
consider the vehicle's sway. Therefore, two image strips of 6250 � 145
pixels were cropped to represent two 1.16-m wide wheel paths. 1.16-m is
much broader than the real wheel path width because it is necessary to
ensure that all the useful information is included. In total, 2128 images
were collected, half of them representing the left wheel path segments
and the other half representing the right wheel path segments.

2.2.6. Verification of GoPro GPS accuracy
Because the stitching method relied solely on the GPS coordinates to

locate the image frames, it is necessary to ensure that the accuracy of the
GoPro GPS receiver is acceptable. So, an experiment utilizing Google Maps
was designed to check the GoPro GPS accuracy. Before explaining the
verification experiments, the authors want to specify the precondition
revealed by Al-Gaadi (2005) that the error of GPS measurement is not
proportional to the vehicle's speed. Therefore, we can perform the verifi-
cation statically rather than dynamically in order to avoid safety issues.
The experiment was carried out in the Varsity Field on campus at the
University of Alberta. Firstly, a noticeable mark that is visible on the sat-
ellite layer in Google Maps was selected, and its coordinates (Point 1) were
recorded. Secondly, an image was taken at this point with the GoPro
7

camera and the coordinates (Point 2) were recorded too. Finally, the dis-
tances between these two points were computed using a website applica-
tion called Movable Type Scripts (Movable Type Scripts), which can not
only calculate the distance between two sets of GPS coordinates but also
show them on Google Maps, as indicated in Fig. 12. The described steps
were repeated three more times, and the results are listed in Table 5.

As indicated in the above table, the average error of the GPS receiver
in the GoPro camera was 0.7685 m. Fig. 13 draws red circles to represent
the possible erroneous camera locations.

Their centres compose the actual path of the camera, which is
denoted by the solid red line in the figure. On the other hand, the area
composed of all the red circles is the possible erroneous path of the
camera. In the figure, it is the area filled with solid grey color. As indi-
cated, the possible camera path is entirely within the lane width in the
transverse direction, so it is not expected to cause any problems when
locating the image frames transversely. In the longitudinal direction, the
erroneous areas are the two semicircles at the two ends. In the extreme
condition, the stitching method could wrongly locate the starting point at
the leftmost of the erroneous camera path and locate the ending point at
the rightmost as indicated in the figure by the two black dots, so the

possible longitudinal error in percentage is 2 � ð0:7685mÞ
50m � 100% ¼ 3:07%,

which is small. Therefore, the overall accuracy of the GoPro camera GPS
receiver is acceptable.



Fig. 12. Screenshot of the movable type scripts (modified from (Movable
Type Scripts)).

Table 5
Errors of GPS coordinates.

Point 1 [deg] Point 2 [deg] Distance [m]

53.5245479, �113.5291026 53.524546, �113.5291179 1.033
53.5247350, �113.529678 53.5247303, �113.5296764 0.5332
53.5243730, �113.5301385 53.5243736, �113.5301417 0.2218
53.5247405, �113.5292207 53.5247357, �113.5292384 1.286

Average Error: 0.7685
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3. DNN model and transfer learning

An effective DNN called ResNet was invented by He et al. (2016) in
2015. Because of its great performance in image recognition, ResNet's
popularity expanded steadily after its publication. The specific network
used in this model is called ResNet34, where 34 represents the number of
convolutional layers.

3.1. Overview architecture of ResNet34

If we take one of the wheel path images as the sample input, the
dimension of the feature map changes when passing through convolu-
tional layers, as indicated in Fig. 14. The portion bounded in the red box
is called fully connected (FC) layers, and the details will be explained in
the following sections. The remaining portions on the left side compose
the convolutional layers. Readers can refer to He et al.’s paper for more
Fig. 13. Configuration of the camera pa
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information about the residual learning algorithm employed in the
convolutional layers. The key feature of residual learning is that it opti-
mizes the residual mapping instead of optimizing the original, unrefer-
enced mapping. Based on the authors' hypothesis, the residual mapping
would be easier to optimize. One extreme example is that, if the optimal
original function were an identity mapping, it would be easier for the
optimizer to drive the residual function to zero than to find the identity
mapping by a series of nonlinear functions.

3.2. Mixed pooling layer

Max pooling and average pooling layers have their advantages when
solving different problems. However, determining which will dominate
in a new circumstance is utterly empirical, and there is yet no theoretical
conclusion on it. To address this situation, Yu et al. (2014) proposed a
mixed pooling method by adding trainable weights to both max and
average pooling operators and then concatenating them to get a new
mixed pooling layer by the following Eq. (5).

y ¼ λ ⋅ ymax þ ð1� λÞ ⋅ yavg (5)

where λ is a random weight between 0 and 1, ymax is the result of max
pooling, and yavg is the result of average pooling.

In the model used in this paper, λ was fixed to be 0.5 to keep both
features from max and average pooling layers and reduce the trainable
weight parameters to save computing resources.

3.3. FC layers

To reduce the 1024-dimensional feature vector to a 1-dimensional
vector, three trainable linear functions, as shown in Eq. (6) are appen-
ded after flattening the 1 � 1 � 1,024 tensor.

y ¼ wxþ b (6)

where y is the output vector, x is the input vector,w is the weight and b is
the bias.

For example, to reduce a 4D vector x to a 2D vector y:

"
y1

y2

#
¼

"
w11 w12 w13 w14

w21 w22 w23 w24

#2666664
x1

x2

x3

x4

3777775þ
"
b1

b2

#
(7)

By doing so, 2 ⋅ 4þ 2 ¼ 10 parameters were added to this layer.
Similarly, by reducing the dimension within three steps shown in
Fig. 14, 533,025 trainable parameters were added rather than only
1025 if reduced within one step. The inputs are normalized, and
50% dropouts are applied before every linear transformation to
accelerate the trainingwhile avoiding quick overfitting. Additionally,
rectified linear unit (ReLU) activation function was employed after
every linear layer. Detailed information on the FC layers is attached
in Appendix D.
th in a highway lane (not to scale).



Fig. 14. Architecture of the modified ResNet34 (He et al., 2016).
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3.4. Loss function

It is known that the critical task of a DNN is to find the parameters that
minimize the loss specified by the experimenter. Cross-entropy is the most
employed loss function in classification problems. To meet the needs of IRI
identification problems, a new loss function suitable for regression prob-
lems is required. There are two main loss functions to address regression
problems, L1 and L2 losses. L1 loss (i.e., absolute error loss) accumulates
the absolute differences between ground truths and predictions. L2 loss
(i.e., squared error loss), on the contrary, calculates the squared differences
between them and then sums them up. Both of them were experimented
with, but it was found that neither of themproduced satisfactory outcomes.
The possible reasons could be that the L1 loss can not converge smoothly
near the minimum loss point while L2 loss is too sensitive to the outliers
due to the effect of exponential growth. Therefore, another loss function,
the smooth L1 loss function, is introduced. It is the sum of Huber's losses.
And Huber's loss is shown in the following Eq. (8):

Huber
0
s loss ¼

8>>>><>>>>:
1
2

�
IRIground � IRIpred

�2
for

��IRIground � IRIpred
�� � δ;

δ

���IRIground � IRIpred
��� 1

2
δ

�
; otherwise:

(8)

where, IRIground is the ground truth and IRIpred is the prediction. δ is equal
to 1 in default.

As shown in Fig.15, Huber's loss mitigates the sensitivity to the out-
liers compared with L2 loss. Meanwhile, it keeps the advantage of L2 loss
Fig. 15. Comparison of L2 loss with Huber's loss as a function of (IRIground �
IRIpred).
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in the manner that the gradient gets smaller when the network is about to
reach the minimum loss point.
3.5. Adam optimization algorithm

After defining the loss function, an efficient and feasible optimizer is
needed to minimize the loss quickly and save computation power. He
et al.’s (2016) ResNet34 employed Stochastic Gradient Descent (SGD)
algorithm. The authors used some tricks during iterations to save the
computational power, such as updating the gradient according to a mini-
batch size of 256 and dividing the learning rate by 10 when the error
plateaus. However, because of the fast development of machine learning,
another optimization algorithm called Adaptive Moment Estimation
(Adam), proposed by Kingma and Ba (Kingma and Ba, 2014) in 2015, has
been proven more effective.

Adam is an extension of SGD that combines the advantages of two
other algorithms: the Adaptive Gradient Algorithm (AdaGrad) (Duchi
et al., 2011) which can deal with sparse gradients, and Root Mean Square
Propagation (RMSProp) (Hinton et al.) which can deal with
non-stationary objectives. At every timestep (t), Adam first estimates the
first moment (mt) and the second moment (vt) of the gradients (gt), as
shown Eq. (9):

mt ¼ β1mt�1 þ ð1� β1Þgt
vt ¼ β2vt�1 þ ð1� β2Þgt2 (9)

gt ¼ rwQtðwt�1Þ are the gradients with respect to w at timestep t,
where w is trainable parameters. β1; β2 2 ½0;1Þ are the exponential
decay rates for the first and second moment estimates, respectively.
The suggested default settings are β1 ¼ 0:9 and β2 ¼ 0:999: The initial
values of moment vectors are zero (i.e., mt ¼ vt ¼ 0 when t ¼ 0), but
the authors of Adam noticed that these two moments are biased to-
wards zero at the first few iterations. To address this problem, they
introduced bias-corrected moment estimates (i.e., cmt and bvt ), as shown
in Eq. (10):

cmt ¼ mt

1� β1
t

bvt ¼ vt
1� β2

t

(10)

Then, the corrected moment estimates are employed to update the
weights w:

wt ¼ wt�1 � η ⋅
cmtffiffiffiffibvtp þ ε

(11)
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where, η is the learning rate and its default value is 0.001, ε is the
parameter for numerical stability to avoid zero in the denominator, and
its default value is 10�8.

In this study, the hyperparameters changed slights that β1 ¼ 0:9,
β2 ¼ 0:99, ε ¼ 10�5.

3.6. Cyclical learning rate

It is known that the learning rate is one of the most crucial hyper-
parameters while training a DNN. This paper follows a strategy devel-
oped by Smith (2015) to determine the learning rate. We train the
network over a few iterations and cyclically vary learning rates between
reasonable boundary values at each mini batch. The loss recorder will
plot the losses against learning rates, and typically the point with the
deepest decreasing slope represents the optimum learning rate. Fig. 16
shows the cyclical learning results based on our datasets and model. The
red point denotes the deepest slope where the fastest convergence is
happening. It is between 10�3 to 10�2, and we picked the lower
boundary to avoid overshooting.

3.7. Transfer learning

Transfer learning is a practical option to develop new models for
new circumstances. Considering the limited size of the labelled data-
sets, the proposed DNN model took advantage of a pre-trained
ResNet34 model from the PyTorch library (Paszke et al., 2017),
which had been pre-trained on ImageNet (Deng et al., 2009) database
to classify 1000 image categories. Only part of the pre-trained model
Fig. 16. Loss vs learning rate curve.

Fig. 17. IRI dis
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was employed due to the differences between a classification and a
regression problem. Expressly, only the initial parameters in the con-
volutional layers (i.e., body part) were adopted from this pre-trained
ResNet34 model.

For the FC layers (i.e., head part), there was no source domain from
which the model could transfer parameters from because these layers
were explicitly designed for the IRI regression problem. Therefore, the
network had to assign random initial values to those parameters in the
FC layers. However, it is not economical to train the whole network
knowing that the FC layers are in the state of absolute randomness and
disorder. So, before starting training the entire network, the parame-
ters in the convolutional layers were frozen, and only those in the FC
layers were trained for the first several epochs. However, our experi-
ments showed that it was not necessary to train the FC layers more
than once because the epochs after the first one barely reduce the
training losses. Therefore, the convolutional layers were only frozen
for the first epoch then unfrozen, and the entire network was finally
trained.

4. Training and testing results

Since the dataset size with IRI values larger than 4 was too small to be
trained and tested on, those were removed for the simplicity of this study.
In other words, this paper only focuses on the data that have IRI values
smaller than 4. After filtering, 1013 left wheel path images and 1022
right wheel path images remained. The histograms in Fig. 17 show the
distributions of these two datasets. These distributions were consistent
with the overall highway conditions across Alberta that, 58% were in
good conditions, 26.4% in fair conditions, and 15.6% in poor con-
dition(Alberta Government, 26 June 2018). Small variations occurred for
the bar between 0.55 and 0.75. This could be a stochastic phenomenon
because of the relatively small sample sizes.

The complete data were divided into three datasets: the left wheel
path dataset, the right wheel path dataset, and a dataset combining both
the left and right wheel paths. The left wheel path dataset did not overlap
with the right wheel path dataset, and these two datasets composed the
combined dataset. Three independent models were trained and tested on
the three datasets, respectively. In each dataset, 68% were randomly
assigned for training, 17%were assigned for validation, and the rest 15%
were used for testing. It means that there was no overlapping between
training, validation, and testing subsets within every group of experi-
ments. Data in the training subsets were used to train the model, while
data in the validation subsets were used to monitor the instant perfor-
mance after every training iteration. After every model was trained
properly, the testing subsets were employed to test the final perfor-
mances of the predictions. The results of training, validation, and testing
are listed and discussed in the following sub-sections. All the experiments
tributions.



Fig. 18. Training and validation loss of left wheel path and right wheel path separately.
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were run on Google Colab Pro, where a Tesla V100-SXM2 GPU with 16
GB memory was available.

4.1. Separated left and right wheel path datasets

The number of training epochs was set to 100 for each group of exper-
iments, and the batch sizewas set to eight. Fig. 18 shows the learning curves
for the two groups. The vertical axis is the Huber's loss, while the horizontal
axis is the number of iterations but not epochs. The difference between
epoch and iteration is that: an iteration means a batch of data (i.e., eight
images) passing through the model, whereas an epoch implies that the
entire training subset is visited onceby themodel. For example, to complete
one epoch of the left wheel path training subset having 1013� 68%ffi 689
images, it took 689/8 ffi 87 iterations. As the total number of training
epochs was 100, the total number of iterations was 87 � 100 ¼ 8700.

As shown in the above learning curve diagrams, the initial training and
validation losses of the left wheel path dataset started approximately from
the same value of 0.25, while the validation loss of the right wheel path
dataset was 0.05 lower than the training loss. To reveal the reasons, the
experiments were repeated multiple times only to find that these two
patterns occurred stochastically for both datasets. It might be because the
training and validation datasets were randomly split, and thus the initial
fitting conditions against these two subsets varied with different splitting
subsets. This problem could be fixed if the sizes of datasets were large
enough so that one random subset could capture the same statistical
characteristics as the other random subsets. However, due to the limited
resources and efforts, it was not practical to collect more data in this study.
This was also the main reason that the transfer learning method was used.

Another characteristic of Fig. 18 is that the validation losses of both
groups started to level out after approximately 1500 iterations (~20
epochs), while the training losses kept decreasing. This was because the
networks were trying to fit against the training subsets as well as they
could but not the validation subsets. These phenomena of the di-
vergences between training and validation loss are called overfitting.
Fig. 19. Relationships between IRI ground tr
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Although it seemed that overfitting helped lower the training loss, it was
not a good sign because the model could not accurately predict an unseen
image if the network was only trained to fit the training data.

Therefore, to avoid overfitting problems, only the best model with the
smallest loss on the validation dataset was grasped and saved during the
training processes, but not the one with the lowest training loss or the
final one after the 100th epoch. Theoretically, the DNN could still stick to
Huber's loss as the criterion to determine the best model, but root mean
squared error (RMSE) was intentionally chosen because it is the most
employed measurement of accuracy to demonstrate regression perfor-
mance in the literature. Therefore, it is more convenient to compare the
performances of the proposed model with others by using RMSE. The
equation of RMSE is shown in Eq. (12).

RMSE ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiXn

i¼1

�
IRIground;i � IRIpred;i

�2
n

s
(12)

where RMSE is the root mean squared error of a subset, n is the size of the
dataset, IRIground;i is the IRI ground truth of the segment i, and IRIpred;i is
the IRI prediction of the segment i.

The lowest observed RMSEs of the left and the right wheel path
validation dataset were 0.49 and 0.50, respectively. The lowest RMSEs of
the left and the right wheel path validation datasets were 0.49 and 0.50,
respectively. To verify the performances of the proposed models, the
trained networks were applied to the testing subsets, and their results
were plotted in the form of scatter diagrams, as shown in Fig. 19. The
horizontal axis is the IRI ground truth, and the vertical axis is the pre-
dicted IRI. The dashed line and its related equation represent the smallest
sum of squared residuals, and the R2 is the percentage of predicted IRI
variation that the linear equation explains. R squared is always between
0 and 1, with a higher R squared means a better fitting between the
ground truths and the predictions. Ideally, if the predictions were 100%
accurate, all of the points should align perfectly on the line of y¼ 1.0 x þ
0, and the corresponding R squared is 1.0.
uths and predictions of testing datasets.



Fig. 20. Training and validation loss of combined dataset.

Fig. 21. Relationships between ground truths and predictions of the combined
testing subset.
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From the above graphs, the R squared values of the left and the right
wheel path testing subsets were 0.6716 and 0.6741, respectively. It in-
dicates that very close performance was achieved with both groups. In
addition toR squared, theRMSEs of the testing subsetswere also computed.
Itwas0.49 for the leftwheel pathand0.51 for the rightwheelpath. Thevery
close RMSEs again confirmed similar performances in the two groups.

4.2. Combining left and right wheel path datasets

To determine wthether the left wheel path and right wheel path im-
ages could be mixed and trained together, the datasets of the left and
Fig. 22. Samples of p
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right wheel paths were combined, and the same training/testing ap-
proaches in section 4.1 were reapplied, including the splitting percent-
ages of the dataset, the batch size, and the number of training epochs. The
learning curves are shown in Fig. 20. The corresponding lowest RMSE of
validation was 0.46.

The RMSE achieved with the combined testing dataset is 0.54. The
fitted regression line of R squared equal to 0.6111 is shown in Fig. 21.

Comparisons between the separated datasets and the combined
dataset are presented in section 5.1.
4.3. Intuitive demonstrations of the testing results

To demonstrate the testing predictions, three left wheel path images
were randomly picked from the testing dataset and predicted by the
trained models. The results are shown in Fig. 22.

As indicated in the above figure, the predictions of the first two im-
ages were relatively good, while the prediction 2 of the last image was
much lower than the ground truth. The reason could be that the training
data of larger IRI were relatively insufficient compared with smaller IRI.
The other reason might be that prediction 2 was given by the model
trained on the combined dataset, which was not exclusively designed for
the left wheel path. In other words, if the objective of the network is to
predict the IRI values of the left wheel paths, providing more right wheel
path images may not help because the focus of the network is spread and
its objective is generalized to both wheel paths.

5. Discussion

5.1. Comparison between the results of various dataset combinations

Table 6 lists the testing results of the left and right wheel path datasets
(i.e., the results from section 4.1) in the first two rows. In the third row,
the averaged values of the above two rows are calculated. Finally, the last
row records the testing results of the combined dataset (i.e., section 4.2).

Comparing the last two rows shows that the accuracies of the com-
bined dataset were lower than the averaged accuracies in terms of both
RMSE and R squared. The RMSE increased by approximately 6.0%, while
the R squared dropped by nearly 9.0%. So, the assumption that the left
and right wheel path datasets can be mixed and trained together was
denied. The underlying reason could be that the left and right wheel
paths have different characteristics due to their mirror-symmetrical dif-
ferences, and thus they should not be mixed up and trained together.
Technically, if a model is designed to predict IRI values of the left wheel
path, providing more right wheel path images may not be a good practice
because it will spread the focus of the network and generalize its
objective.
rediction results.



Table 6
Testing results.

Dataset RMSE R squared

Left wheel path dataset 0.49 0.6716
Right wheel path dataset 0.51 0.6741
Averaged 0.50 0.6728
Combined dataset 0.54 0.6111
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5.2. Comparison with the other present-based models

To verify the proposed model's performance, comparisons were
made with three other latest present-based models published within
two years. However, to the best of the author's knowledge, 2D image-
based IRI identification models have not yet been discussed in the
literature. Thus, the following three models are either based on vibra-
tions or 3D images.

Jeong et al. (2020) utilized the dynamic responses from smart-
phones mounted on testing vehicles to train their DNN model. Their
model identified the IRI values for 8.5-m segment intervals. But it
should be noted that their model has only been numerically verified on
four types of passenger vehicles. As the testing results, their model
achieved extremely high accuracies with the highest R squared of 0.95
and the lowest RMSE of 0.549. By comparison, although our RMSE
(0.505) is smaller, our R squared (0.673) still has room for
improvement.

The other model proposed by Mirtabar et al. (2020) collected the
dynamic responses with self-assembled accelerometer systems. Even
though their methodology swerved from DNN to crowdsourcing tech-
nology, comparisons were still made because of its freshness. Rather than
the constant 8.5-m intervals used in the previous example, their model
identifies the IRI values for varying segment lengths:10-m, 20-m, 50-m,
and 100-m. They found that the R squared increased when segment
length was extended, which indicated that a better goodness-of-fit could
be obtained if the segment length increases. Their R squared of the same
segment length (50-m) in this paper was 0.778, which was approximately
15% higher than the reported value in this article (0.673). Their RMSE
was only reported for the 100-m segments since longer segment length
gave better accuracy. They repeated the testing experiments by three
times, and the average RMSE was 0.41, which was 18% lower than the
RMSE reported in this paper (0.50).

Abohamer et al. (2021) developed a 3D image-based CNN model to
predict IRI values. In their model, they extracted 3D images of 34 road
segments with a length of 160-m (0.10-mi) from the
government-released datasets in Louisiana, the US, along with their
ground truth IRI values. Every segment was composed of 25 equally
divided small 3D images that share the same average IRI ground truth.
The developers then randomly selected 20 images from each segment for
training purposes while the remaining five were used for testing. Tech-
nically, the authors of this article do not support the way they split the
training/testing datasets because of the close proximity of pavement
characteristics within one segment. Normally people use a segment as a
whole and employ many of them for training, and then use the other
unseen segments for testing. Despite this, their testing results are still
presented here due to the lack of existing 3D image-based DNNmodels to
predict pavement roughness indices. Their model reached a high R
squared of 0.985 and a relative RMSE of 5.9%.
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Although the current accuracy of this model is acceptable at the
highway network level in the majority of countries, it is clearly far from
perfect. However, it still gives a novel direction that imaging-based DNN
models can be a possible method to accurately identify IRI if appropriate
improvements can be achieved in the future. The potential approaches
include larger datasets, more suitable DNNs, more precise image stitch-
ing methods, and narrowing the width of the wheel path images to
discard as many unnecessary pavement surfaces as possible. In addition,
more experiments should be designed and conducted on both vibration-
and imaging-based models in the future to statistically learn the trade-off
relationships between efficiency and accuracy.

6. Conclusions

This article proposed a novel imaging-based DNN model that was veri-
fied in real highway scenarios. This approach could be an alternative to
currently popular vibration-based models, to identify the IRI values of
pavements. The proposedmodel proved that 2D imagesmay not contain all
the longitudinal profile information of the pavements compared with vi-
brations, but they can still be employed to identify pavement IRI values. The
possible reason could be that, the distress information can be implicitly
indicated in 2D images in the form of contrast and brightness change even
though the absolute depth differences are not explicitly known. In addition
to the architecture of the network, theprocedures of collecting imagingdata
and stitching full-size imageswerealso presented.Considering anR squared
of 0.6728 and an RMSE of 0.50, the authors understand that the current
model has relatively lower accuracies comparedwith someof the vibration-
based models, but the proposed model has these advantages:

1) Existing commercial cameras on average can accomplish imaging
data collection even if no specially designed equipment is involved.

2) Imaging data are independent of the speed of the testing vehicle and
thus no calibration is required.

3) 2D images encapsulate the longitudinal profile information to some
extent if not all.

Although the proposed model is already acceptable at the highway
network level to identify the pavement IRI, improvements are necessary
if one wants to apply it at the segment level and obtain similar perfor-
mance as the current industrial IRI measurement methods. The authors
will continue with the 2D image-based methods and develop models of
higher accuracies in light of potentially the cheapest way to evaluate the
pavement roughness. Possible improvement approaches include larger
datasets, more suitable DNNs, more precise image stitching methods, and
narrowing the width of the wheel path images to discard as many un-
necessary pavement surfaces as possible. Finally, at this stage, there is no
sound evidence that statistically shows the efficiency of using imaging
data compared with vibration data. Therefore, in the future, more ex-
periments could be conducted to reveal the trade-off between the effi-
ciency and accuracy of these different approaches.
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Appendix A

The investigated highway sections are highlighted in Figure A.1 with thick blue lines and their corresponding starting and ending coordinates are
listed in Table A.1. These sections are not dispersed but relatively concentrated northeast of the city due to budget and time limitations.

Fig. A.1. Maps of the investigated road sections (modified from (Google Maps)).
14



J. Zeng et al. 1 (2022) 100004
Table A.1
Coordinates of the investigated road sections.

Road section number Starting coordinates Ending coordinates
15
1
 53.721275, �113.322186
 53.831332, �113.322202

2
 53.767252, �113.223227
 53.798220, �113.223478

3
 54.505855, �112.803361
 54.584044, �112.803360

4
 54.170603, �112.800752
 54.461410, �112.803575

5
 53.777423, �112.777537
 54.045223, �112.777529
Appendix B

Fig. 3 is modified to calculate the length of AB, as shown in Figure B.1. We take D as the origin (0, 0) and establish a Cartesian coordinate system. All
the known coordinates are labelled in cm. L1 connects points A’, B’ and C’. L2 is the line connecting A and its projecting point A’ in the image. Similarly,
L3 is the line connecting B and its projecting point B’.

Fig. B.1. Side view in a Cartesian coordinate system.
The steps to calculate AB are shown below:
As L1 inclines 135� and L1 crosses C (�28.674,0), L1: y ¼ �1 (x þ 28.674)
L2 connects A (�291.977,0) and E (0,91.5), so L2: y ¼ 0.313 (x þ 291.977)
L1 intersects L2 at A’, so A’ (�91.442,62.768)
A
0
B
0

B0C0 ¼ 345 pixels
1135 pixels (Fig. 4), so B’ (�76.810,48.136)

L3 crosses B’ (�76.810,48.136) and E (0,91.5), so L3: y ¼ 0.5646x þ 91.5.
L3 intersects x-axis at B, so B (�162.062,0)
A (�291.977,0) and B (�162.062,0), so AB ¼ 129.9 cm.

Appendix C

To describe the interpolation method, an example is given in Figure C.1, where the starting point of a segment is given, and its GPS coordinates are
(53.7063143, -113.3200180). The interpolations are performed only referring to the latitudinal coordinates in the sense that the vehicle travelled only
in the south-north direction, and the trivial deviations in the longitudinal coordinates are due to the sway of the vehicle and thus can be ignored.

Fig. C.1. Sample calculation of using linear interpolation method get the frame number.
To find the corresponding starting frame number, first, we need to find its location in the GoPro GPS sheet, which is between row ② and row ③.
Then we calculate the difference between the starting point and row② the difference between row③ and row②, and the ratio of the two differences:

53:7063143� 53:7062536
53:7064032� 53:7062536

¼ 0:405749 (13)

Afterward, this ratio is used to find the corresponding starting frame number:

43:92þ 0:405749 ⋅ ð87:96� 43:92Þ ¼ 61:79 (14)

Finally, the decimal number 61.79 is rounded to the closest integer number 62 as the frame numbers must be integers in real life.
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Appendix D

See Table D.1.
Table D.1

Summary of FC layers.

Layer Type Output Shape Parameter Number Trainable
16
AvgPool2d
 1 � 1 x 512
 0
 False

MaxPool2d
 1 � 1 x 512
 0
 False

Flatten
 1024
 0
 False

BatchNorm1d
 1024
 2048
 True

Dropout
 1024
 0
 False

Linear
 512
 524,800
 True

ReLU
 512
 0
 False

BatchNorm1d
 512
 1024
 True

Dropout
 512
 0
 False

Linear
 16
 8208
 True

ReLU
 16
 0
 False

Linear
 1
 17
 True
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