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Degenerate Near-planar Road Surface
3D Reconstruction and Automatic
Defects Detection
Yazhe Hu
(ABSTRACT)

This dissertation presents an approach to reconstruct degenerate near-planar road sur-
face in three-dimensional (3D) while automatically detect road defects. Three techniques
are developed in this dissertation to establish the proposed approach. The first technique is
proposed to reconstruct the degenerate near-planar road surface into 3D from one camera.
Unlike the traditional Structure from Motion (SfM) technique which has the degeneracy
issue for near-planar object 3D reconstruction, the uniqueness of the proposed technique lies
in the use of near-planar characteristics of surfaces in the 3D reconstruction process, which
solves the degenerate road surface reconstruction problem using only two images. Following
the accuracy-enhanced 3D reconstructed road surface, the second technique automatically
detects and estimates road surface defects. As the 3D surface is inversely solved from two-
dimensional (2D) road images, the detection is achieved by jointly identifying irregularities
from the 3D road surfaces and the corresponding image information, while clustering road
defects and obstacles using a mean-shift algorithm with flat kernel to estimate the depth,
size, and location of the defects. To enhance the physics-driven automatic detection reliabil-
ity, the third technique proposes and incorporates a self-supervised learning structure with
data-driven Convolutional Neural Network (CNN). Different from supervised learning ap-
proaches which need labeled training images, the road anomaly detection network is trained
by road surface images that are automatically labeled based on the reconstructed 3D sur-
face information. In order to collect clear road surface images on the public road, a road

surface monitoring system is designed and integrated for the road surface image capturing



and visualization. The proposed approach is evaluated in both simulated environment and
through real-world experiments. The parametric study of the proposed approach shows the
small error of the 3D road surface reconstruction influenced by different variables such as the
image noise, camera orientation, and the vertical movement of the camera in a controlled
simulation environment. The comparison with traditional SfM technique and the numerical
results of the proposed reconstruction using real-world road surface images then indicate that
the proposed approach effectively reconstructs high quality near-planar road surface while
automatically detects road defects with high precision, accuracy, and recall rates without

the degenerate issue.



Degenerate Near-planar Road Surface
3D Reconstruction and Automatic
Defects Detection
Yazhe Hu
(GENERAL AUDIENCE ABSTRACT)

Road is one of the key infrastructures for ground transportation. A good road surface
condition can benefit mainly on three aspects: 1. Avoiding the potential traffic accident
caused by road surface defects, such as potholes. 2. Reducing the damage to the vehicle
initiated by the bad road surface condition. 3. Improving the driving and riding comfort on
a healthy road surface. With all the benefits mentioned above, it is important to examine
and check the road surface quality frequently and efficiently to make sure that the road

surface is in a healthy condition.

In order to detect any road surface defects on public road in time, this dissertation pro-
poses three techniques to tackle the road surface defects detection problem: First, a near-
planar road surface three-dimensional (3D) reconstruction technique is proposed. Unlike
traditional 3D reconstruction technique, the proposed technique solves the degenerate issue
for road surface 3D reconstruction from two images. The degenerate issue appears when the
object reconstructed has near-planar surfaces. Second, after getting the accuracy-enhanced
3D road surface reconstruction, this dissertation proposes an automatic defects detection
technique using both the 3D reconstructed road surface and the road surface image informa-
tion. Although physics-based detection using 3D reconstruction and 2D images are reliable
and explainable, it needs more time to process these data. To speed up the road surface
defects detection task, the third contribution is a technique that proposes a self-supervised

learning structure with data-driven Convolutional Neural Networks (CNN). Different from



traditional neural network-based detection techniques, the proposed combines the 3D road
information with the CNN output to jointly determine the road surface defects region. All
the proposed techniques are evaluated using both the simulation and real-world experiments.

Results show the efficacy and efficiency of the proposed techniques in this dissertation.
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Chapter 1

Introduction

1.1 Background

During recent years, more and more efforts are focusing on intelligent monitoring for trans-
portation infrastructures. Among various objects, road surface is one of the most important
and frequent articles which vehicles interact with. A correct perception of the road surface is
critical for vehicles to understand the road environment. Besides the 2D knowledge of road
surface from data such as images, the 3D data of road surface can provide richer information
for the cars. On the one hand, vehicles can use the 2D and 3D road data to avoid road de-
fects or obstacles, in the meanwhile increases the ride comfort and decreases the possibility
of damaging themselves. On the other hand, the road maintenance process can be facilitated
based on the 3D road surface data so that hazardous road regions are being fixed on time.
Thus the understanding of road surface through both 2D and 3D data becomes key to the

safety and healthiness for the traffic.

1.2 Objectives

The primary objectives of this dissertation are the following:

» To propose a 3D reconstruction technique for near-planar (degenerate) road surface.

1



2 Chapter 1. Introduction

» To propose a technique which automatically detects and estimates road defects.

» To develop a system capable of capturing road surface condition information.

1.3 Principal Contributions

The technical contributions of this dissertation are summarized as follows:

A near-planar road surface 3D reconstruction technique from one camera which solves

the degenerate issue.
o Road surface defects detection and estimation technique based on 3D information.

o A self-supervised learning technique for road surface anomaly detection by combining

physics-driven 3D reconstruction with data-driven CNN.

o A designed road surface monitoring system composed of camera, GPS, Field-programmable

gate array (FPGA), and On-board diagnostics-1I (OBD-II).

1.4 Publication

o Hu, Yazhe and Tomonari Furukawa. ”A high-resolution surface image capture and
mapping system for public roads.” SAE International Journal of Passenger Cars-Electronic

and Electrical Systems 10.2017-01-0082 (2017): 301-309.

o Hu, Yazhe, and Tomonari Furukawa. ”Automatic Detection and Evaluation of 3D
Pavement Defects Using 2D and 3D Information at the High Speed.” International
Journal of Automotive Engineering 9.4 (2018): 323-331.



1.5. Organization 3

o Li, Diya, Yazhe Hu, and Tomonari Furukawa. "AEKF-Based 3-D Localization of
Road Surface Images with Sparse Low-Accuracy GPS Data.” 2018 IEEE 88th Vehicular
Technology Conference (VTC-Fall). IEEE, 2018.

o« Hu, Yazhe, and Tomonari Furukawa. ”Road Obstacle Detection Based on Near-
planar Road 3D Reconstruction from a Front Camera.” 5th International Symposium

on Future Active Safety Technology toward Zero Accidents, 2019.

o« Hu, Yazhe, and Tomonari Furukawa. ”A Self-Supervised Learning Technique for
Road Defects Detection Based on Monocular Three-Dimensional Reconstruction.” In-
ternational Design Engineering Technical Conferences and Computers and Information

in Engineering Conference. Vol. 59216. American Society of Mechanical Engineers,

2019.

e Hu, Yazhe, and Tomonari Furukawa. ”Degenerate Near-Planar 3D Reconstruction

from Two Overlapped Images for Road Defects Detection.” Sensors 20.6 (2020): 1640.

1.5 Organization

This dissertation is organized as follows:

o Chapter 2 reviews past works on general object 3D reconstruction, road surface 3D
reconstruction, road surface defects detection, and data-driven road defects detection

techniques.

o Chapter 3 describes the proposed technique of road surface 3D reconstruction from two
overlapped images. The chapter first formulates the two-image road surface 3D recon-

struction problem and introduces the fundamental knowledges. Then the proposed



Chapter 1. Introduction

degenerate near-planar road 3D reconstruction technique is mathematically demon-
strated. Comprehensive evaluation is conducted in both simulation and real-world

experiments to show the efficacy of the proposed technique.

o Chapter 4 illustrates the automatic road defects detection using near-planar road sur-
face 3D reconstruction. The proposed technique includes preprocessing, anomaly road
surface points detection, automatic road defects detection from 2D and 3D informa-
tion, and defects clustering and estimation. The results of the defects detection are

shown through experiments.

o Chapter 5 presents a self-supervised learning technique for the road surface defects
detection based on 3D reconstruction. The self-supervised learning procedures are
described for the near-planar road surface. Experimental results show the effectiveness

of the proposed technique at last.

o Chapter 6 shows the design of a road surface monitoring system. Following by the
design, this chapter also shows the simultaneous 2D and 3D road surface mapping

technique and the corresponding visualization of the road maps as results.

o Chapter 7 summarizes the conclusions and future works of this dissertation.



Chapter 2

Literature Review

This chapter reviews past works related to the proposed original contributions in this dis-
sertation. The general 3D object reconstruction techniques are reviewed first, followed by
reviewing the road surface 3D reconstruction techniques. Past works on road surface defects
detection are given next. Related works on data-driven road surface defects detection are

reviewed at last.

2.1 Object Reconstruction in 3D

The goal of the 3D object reconstruction is to obtain objects’ three-dimensional appearance
by using sensor data. The types of 3D reconstruction sensors are classified as contact and
non-contact. The contact type sensors usually use the stylus based design to measure the
3D surface according to the stylus tip’s position change [1] [2]. The stylus based technique
provides accurate measurement at each point. However, because the stylus based technique
measure the object point-by-point, the measurement speed is low. Also, if area 3D recon-

struction is required, the point-by-point measurement is inefficient.

The second type of measurement is conducted by non-contact techniques. The sensors
used in non-contact techniques are categorized as active or passive. Active sensors has their
own illumination or light source, where passive sensors just utilize natural light from the

environment. Laser scanning 3D reconstruction technique is one of the active technique [3]

5



6 Chapter 2. Literature Review

[4] 5] [6] [7]. The laser scanning techniques are based on Time-of-Flight (ToF) or phase
shift to measure the distance between the point it measures and the sensor. Different from
laser techniques’ point-scanning or line-scanning, RGB-D techniques have area-based 3D
reconstruction and obtain the RGB image at the same time [8] [9] [10] [11] [12] [13] [14] [15]
[16] [17]. Besides ToF and stereo-based RGB-D sensors, structured light RGB-D techniques
project known light pattern on the object to reconstruct the 3D structure. There are also
passive techniques to reconstruct 3D from one camera based on SfM [18] [19] [18] [20] [21]
[22]. The SfM pipeline contains feature detection from detectors such as SIFT [23], SURF
[24] [25], ASIFT [26], Harris corner [27], and FAST [28]. SfM then matches the detected
features [29] [30] [31] and reconstruct the 3D points from matched feature points [32]. Video-
based are another passive 3D reconstruction techniques which uses similar processes from
stereo vision and SfM to reconstruct 3D from key video frames [33] [34] [35] [36] [37] [38]
139].

2.2 Road Surface 3D Reconstruction

Road surface is one of the key infrastructures for ground transportation. In recent years,
research efforts and industrial needs keep increasing in intelligent transportation systems
and vehicles . The aims of knowing the road surface condition are twofold: increasing safety
and ride comfort for vehicles; providing inspection information for timely road maintenance.
The ground surface estimation problem is still an active research topic among researchers
140] [41] [42] [43] [44]. Since the performance of the vehicle is influenced by the geometry of
the road surface, a knowledge on the 3D profile for the road surface is substantial for the

physical vehicle-environment interaction.

Related works for road surface reconstruction can be classified into two categories. The
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first type of approach uses multiple sensors or a non-monocular camera to reconstruct the
road surface. Jia et al. [44] used two cameras to reconstruct the road surface from a reference
plane recovered by the stereo vision. Panahandel et al. [45] deployed ground plane detection
technique by exploiting the rotation and translation information from Inertial Measurement
Unit (IMU)-camera sensor fusion. Holz et al. [46] used the RGB-D camera to get point
cloud data for surface normals reconstruction as well as the ground plane segmentation from
the 3D points. While being effective, multiple-sensor methods often involve a system-level
calibration. In this case, a small change of the sensor pose caused by vibration, acceleration,

or collision will result in incorrect road surface reconstruction.

The second category falls into the the deployment of using one camera. Since the
road surface is a near-planar object, [42, 47, 48, 49, 50] detects a plane from several views
and segments them in 2D images without reconstructing a 3D ground surface. The main
purposes of these papers are to segment ground surface or detect obstacles on the road
surface. Kaneko et al. [51] developed a monocular depth measurement using the geometrical
relationship of the Flat Surface Model and triangulation. Zhou et al. [52] proposed a robust
plane-based SfM which detects and tracks the planar object first and then reconstruct planes
from multiple views. Collins et al. [53] proposed a technique using Affine camera model for
planar SfM. The paper showed a closed-form solution from multiple views and avoided the
degenerate problem. Therefore, most existing one camera-based method either only segment
planar objects in 2D images or reconstruct the 3D near-planar objects from more than two
views, and the rest two-view methods do not consider the plane degenerate issue. The
disadvantage of reconstruction from more than two views lies on not only the difficulty to
keep tracking the same plane, but also when there are no more than two images capturing

the same area.
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2.3 Road Surface Defects Detection

As the road is a fundamental infrastructure in the transportation system, a healthy and
intact road surface condition increases the ride comfort and vehicle safety for through traffic
[54] [55]. The road surface condition inevitably downgrades and is affected by stresses from
the traffic as well as the climate impacts such as humidity or temperature change. Thus
frequent inspections of the road surface are vital in identifying road surface defects along
with carrying out timely maintenance. Labor intensiveness, inefficiency, and subjectivity of
manual inspection has resultantly necessitated automatic measurement of the road surface
defects such as potholes and ruts, which are most characterized by geometry [56, 57, 58, 59,
60, 61].

Past works on automatic geometrical road defects detection can be classified by three
types: the detection by acceleration, the detection by color, and the detection by geometry.
The detection by acceleration technique uses accelerometers as irregular geometrical changes
create vibration that can be measured by accelerometers. Yu et al. [62] analyzed acceleration
and automatically detected road defects for the first time to the best of the author’s knowl-
edge. Tai et al. [63] and Eriksson et al. [64] proposed methods using a machine learning
approach to detect road anomaly where Support Vector Machine (SVM) and unsupervised
learning were used respectively to enhance detection accuracy. Xue et al. [65] adopted a
self-learning one degree-of-freedom vibration signals to predict the pothole. Mednis et al.
[66] implemented and compared several acceleration data processing algorithms for pothole
detection, which resulted in a detection rate between 68% to 90%. Although detection by
acceleration techniques directly and thus accurately sense geometrical road defects, they miss

detection if no tire steps exactly on the road defects.

For detection by color methods, image sensors are often equipped to obtain the appear-
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ance of defects. Tedeschi et al. [67] proposed a method using Local Binary Pattern (LBP)
feature-based cascade classifiers to detect road defects from images. Koch et al. [68, 69]
used the histogram and four different image filters to extract road distress texture features.
Banharnsakun et al. [70] deployed an Artificial Neural Network (ANN) which can catego-
rized the distress into longitudinal crack, transversal crack, and pothole. Ryu et al. [71]
separated the pothole region from the background by Histogram Shape-Based Thresholding
(HST) and then used multiple filters to find the pothole features. The detection by color
method provides intuitive information about road defects’ position and size. However, the
RGB image analysis may not capture geometry and contains unnecessary information such

as shadows, oil stains and pavement markings which affect the detection.

Among detection by geometry methods, Chang et al. [72] and Yu et al. [5, 73] detected
potholes by analyzing topological features obtained from 3D laser scanning data. Hou et
al. [74] and El et al. [75] applied stereo-vision systems to get the 3D point cloud from road
surface images and detect potholes directly from the 3D model of the road obtained from
point cloud datawhile no precision rate was investigated. Ahmed et al. [76] proposed a
pothole detection method by using multiple-view images to reconstruct 3D points of road
surface from manually marked artificial features on the road surface. They reported around
0.1 mm accuracy in Z direction when measured statically. Antol et al. [77] and Moazzam
et al. [78] implemented the road distress detection by 3D point cloud data from the RGB-D
camera. The former used a movable RGB-D camera box to enable depth measurement at a
low speed, while the latter used a tripod to statically measure the 3D road surface by the
RGB-D camera. However, the accuracy of the 3D reconstruction by using laser sensor or
stereo-vision system is influenced by vibration when the measuring sensors are moving with
the vehicle. In general, the issue of the 3D reconstruction based technique is its accuracy

in 3D reconstruction since the road surface is near-planar and thus provides poor vertical
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information.

2.4 Road Surface Defects Detection based on Data-

driven Approach

The data-driven techniques use a large amount of data as the input to learn and predict
defects through machine learning algorithms. The road surface defects detection using on
data-driven techniques is fundamentally an image classification problem. Existing data-
driven deep learning CNN such as LeNet-5 [79], AlexNet [80], VGG-16/19 [81], GoogLeNet
[82], Inception v4 [83], ResNet [84], ResNeXt [85], DenseNet [86], and SENet [87]. In addi-
tion, deep learning techniques have already been used in various defects detection scenarios

188 [89] [90] [91] [92] (93] [94] [95] [96] [97].

Among data-driven road surface defects detection techniques, Li et al. [98] took 3D
Laser-scanned images as the input, and passed them to a CNN model for road surface cracks
detection. Park et al. [99] compared the performance of several CNN models and found the
optimal one for road defects detection. Yarram et al. [100] combined both deep learning
and semantic segmentation, as well as proposed a hierarchy of labeling road defects. The
existing data-driven techniques still need tremendous amount of human supervision and
labeling. Also, these techniques usually only take the images as the input (which is 2D)

while missing the important 3D charateristics of road defects.
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2.5 Summary

This chapter has presented past works on the 3D reconstruction of the road surface and
defects detection techniques. First, the general 3D reconstruction techniques and the road
surface techniques are reviewed, which motivates and leads to the proposed road surface 3D
reconstruction technique. Second, this chapter reviews past road surface defects detection
techniques which guides to the proposed road defects detection technique. Current data-
driven road surface defects detection techniques are given at the end. The proposed road
surface monitoring using one regular camera is developed based on these literatures to

achieve the objectives of this dissertation.



Chapter 3

Degenerate Three-dimensional
Reconstruction of Near-planar

Surfaces from Two Images

This chapter presents a 3D reconstruction technique for the near-planar road surface using
one camera. The proposed technique solves the degeneracy problem in near-planar object 3D
reconstruction by obtaining a non-degenerate fundamental matrix. Instead of using multiple
views which many previous works relied on, only two images are required to reconstruct the
3D profile for the road surface. By scaling the reconstructed 3D points, absolute metric
scales are obtained for each point. Besides a comprehensive simulation experiment, the
experiment conducted on the real-world road surface show the robustness and effectiveness

of the proposed technique.

The chapter is organized as follows. The next section introduces the fundamental
knowledge about the road surface 3D reconstruction from two images and the degenerate
issue for road surface reconstruction. Section 3.2 then shows the proposed degenerate near-
planar road surface 3D reconstruction from two images. Section 3.3 demonstrates the exper-
imental results for the proposed technique in both simulation and real-world environment.

Finally, the last section summarizes this chapter.

12
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3.1 Road Surface 3D Reconstruction from Two Over-

lapped Images

3.1.1 Road Surface 3D Reconstruction Problem Formulation

Figure 3.1 shows the problem settings of 3D road surface reconstruction using one camera.
The road is shown to be as a near-planar surface. In order to reconstruct the 3D road surface,
a camera facing downward is mounted on a vehicle and moves along the road surface at height
h where X7 is the position of the camera at time step k. Let the sequence of road surface
images collected from time step 0 to time step K be Ip.x = {Ix|Vk € {0, ..., K}} where every
two adjacent images {Ij_1, I} capture an overlapping region on the road surface. The end
objective of the 3D reconstruction is to derive a road surface point cloud, X, 5, which is well

distributed over the road surface.

This objective can be tackled by reconstructing the 3D surface of each overlapping
region from the two adjacent images independently. At time step k, the 2D feature points in
the images {Ix_1, I}, X}_, and x}, define the overlapping region shown by a red rectangle.
The association of the corresponding feature points in the overlapping region reconstructs the
3D road surface of the overlapping region in terms of a point cloud, which is denoted by Xj..
It is to be noted here that the ith point of X}, X ;, has a projection xj ; in I. The entire road
surface point cloud, X{ , = {X}|k = 0,1, ..., K}, are obtained by combining the road surface

reconstruction from every two adjacent image feature points {{x}_,,x}}k=1,2,...,K}.

Figure 3.2 illustrates the significance of the two-image problem formulation where the
vehicle speed is shown with respect to different numbers of overlapped images when the
camera frame rate is 60, 30 and 15 FPS. Note that these are the common frame rates in

industrial cameras, and each image covers a 1m x 1m road surface area. For every number
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Figure 3.1: Road surface 3D reconstruction from one camera.

of images overlapped, N,, the overlapping area between every two neighboring images is at
least (100 — %))%. As the curves exhibit, every camera sees common vehicle speeds when
the number of overlapped images is only two. Therefore, 3D road surface reconstruction will

fail if it is not possible from two images.

3.1.2 Two-image 3D Road Surface Reconstruction

Figure 3.3 shows the notations and the operation of the general road surface 3D recon-
struction from image features xj_, and xj,. To present the mathematical derivation of the
two-image 3D reconstruction for road surfaces, a line is plotted passing the camera centers,
X1 and X3. This line intersects with image [;_; at point e,_; as well as image [j at point
e,. ly_1, is a line passing through e;_; and Xz_l’i, a projection from road surface point

X;_u to Iy—y. Similarly, 1 ; is a line passing through e, and X i» and this is given by:



3.1. Road Surface 3D Reconstruction from Two Overlapped Images

Vehicle speed (km/h)

250

200

s
[$4]
o

-
o
o

50

108 km/h

18 km/h

—60 FPS
s—20 EPS
15 FPS

Number of overlapped images

2 25 3 3.5 4 4.5 5

15

Figure 3.2: The number of images overlapped on each road surface at various vehicle speed.

Figure 3.3: 3D road surface reconstruction from two views
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i = er X Xp,; = [ex]xX); (3.1)

Combining Eq. 3.1 with x’,;,ileJr = ( yields:

Xz,iT [ex] Xz,z‘ =0 (3.2)

If X} ; is located on a road surface plane, then xj_; ; and xj ; are related by a homog-

raphy matrix Hy:

Xy, o< HapX),_y ; (3.3)

Substituting Eq. 3.2 to Eq. 3.3 results in:

Xz,iT[ek]XHabX};—l,z‘ = Xz,z‘TFkXZ—l,z' =0 (3.4)

where Fj, = [ex]«H, is the fundamental matrix of the two images. Eq. 3.4 holds for all the

n correspondences {{szxz_u} li=1,2,.., n} [32], which means:

r’T r o
X Fixp g =

T
Ty o Tpp Juu fi2 S| | Thoin o Thoia
Y1 - Ykm for fa2 fo3 Yr—11 - Yr—1n (35)
1 .1 far far fam 1 1

=0

To solve Fy, Eq. 3.5 is rearranged to a form of Af, = 0, where:



3.1. Road Surface 3D Reconstruction from Two Overlapped Images 17

zz,ixz—l,i
ThiYr—1 .
T A{
Ly
s T A%-'
Yrilh—1,i
A= i | A=
(3.6)
y;,z’
Tp_q, AT
Yk—1, -7
1
fk = (fll) f127 f137 f217 f22) f237 f317 f327 f33)T
In SfM [32], F}, is obtained by solving the minimization problem:
min Af, (3.7)
fi
subject to
[l =1 (3.8)

After the fundamental matrix F, is calculated, by following the subsequent SfM process,

the essential matrix E; is calculated as:

E,=K'F,K (3.9)

where K is the intrinsic matrix of the calibrated camera. The Singular Value Decomposition

(SVD) of Ej then contributes to the calculation of rotation matrix Ry and the up-to-scale
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translation vector t; between time step £ — 1 and k:

E, = UDV?

0 -1 0

W=11 0 0
(3.10)

0 0 1

R, = UWV? or R, = UW' VT
t, = U(0,0,1)" or t;, = —U(0,0,1)"
where there is one correct combination of Ry and t; which can make all X} be in front of the

camera. The projection matrix Py is identified by the rotation matrix Ry and the translation

vector ty. The 3D reconstructed points X, are finally obtained by the triangulation f;(+):

x;_, = P11 X} = K[I,0]X], (3.11)

Xz = ft(K7Rk7tk7X27X7l;—l) (312)

3.1.3 Planar Surface Degeneracy Problem

Since the road surfaces are near-planar, it suffers from the degenerate issue which will be
shown by the rest of this section. As X are located on the near-planar road surface, x},_;

and xj, can be related by a 3 x 3 homography matrix Hy:

x;, o< Hyxj_ (3.13)
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in which xj, is proportional to Hyxj,_,. This means that the cross product of x; and H;xj_,
is x} x Hyx}_, = 0. Thus solving Hy equals to solving the equation A'h;, = 0 where Hy,

A’ and h;, are expressed as:

hsi hsa hss
'S
~Tp_14 0
T —_ -
“Yp—14 0 T
A
-1 0
T
T A2 4
0 _:Z:k—l,i (3']‘ )
A, = 0 T A_, = ’
i Y1 |
0 -1
T r T T
Tiile—1i YriThk—1,
AT
n
‘s T T T - -
TriY—1; YkiYe—1,i
T T
L Yk,i

hk - (hlh h127 h137 h217 h227 h237 h317 h327 h33)T

To solve hy, the problem is equivalent to minimizing ||A’hg|| subject to ||hy|| = 1 because of

image noises. Therefore, solving hy, is similar to solving fi in the previous section.

Degeneracy is defined as the situation when fundamental matrix F; obtained from the
previous procedure is not unique. The planar object, which the road can be approximated as,
is one of the degenerate geometries. If X, are located on a plane surface, the correspondences
in the two views x;,_, and xj, satisfy Eq. 3.13. Also, x;_; and xj, satisty Eq. 3.5. The

substitution of Eq. 3.13 into Eq. 3.5 yields
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x; 'St =0 (3.15)

where Sy = FkH,;l. To satisfy Eq. 3.15, Sy must be a skew-symmetric matrix given by

0 —S3 So

Sk=1_s3 0 —s5 (3.16)

—S9 S1 0

As a result, the fundamental matrix F, is:

0 —S3 So

F. = Ska = S3 0 -8 H, (317)

—S9 S1 0

Thus Fy, has a solution with three degree-of-freedom (determined by sy, o, and s3). Since Fy,
is up-to-scale, the solution of Fy becomes to have two degree-of-freedom. Therefore the ex-
isting 3D reconstruction technique from I;_; and I cannot lead to correct 3D reconstructed
points for planar road surface because of the ambiguity of F} introduced to reconstruction
process from Eq. 3.9 to 3.12. While 3D reconstruction techniques exist, the issue of their
direct application to road surface profiling is the ill-posedness of the problem due to the
lack of depth information and the incorrect feature matching due to the noisy image. The
next section will present the proposed technique, which solves the ambiguity issue of Fy
for the road surface reconstruction, and leads to correct defects detection based on the 3D

information.
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3.2 Degenerate Near-planar 3D Reconstruction for Road

Surface

3.2.1 Overview

Figure 3.4 shows a schematic diagram of the proposed degenerate road surface 3D reconstruc-
tion. Unlike the conventional SfM, the proposed technique derives a unique fundamental
matrix Fy with no degenerate issue by not deriving it directly from the 2D feature points.
After the extraction of 2D feature points in the images I,_; and I, by a technique such as
SIFT [23] and the matching of the feature points, the proposed technique first identifies
if the road surface is near-planar by deriving the homography Hj of the road surface with
RANSAC and checking the outlier ratio against the threshold. If so, the initial rotation Ry o
and translation tj o of the camera from the constraint of vehicle’s motion are computed for
3D reconstruction by the proposed technique. The acquisition of the initial rotation and
translation makes the fundamental matrix Fy unique. The matrix Fj is then derived by

combining the homography and the translation.

The remaining process can adopt a conventional SfM shown within the red dashed
box. After getting the essential matrix E; using F;. followed by obtaining camera’s rotation
and translation from SVD of E;, the non-degenerate fundamental matrix Fj is updated by
iterating the camera’s rotation Ry ¢ and translation t;¢. It is also a contribution and differ-
ence from the conventional 3D reconstruction technique that the proposed non-degenerate
3D road surface reconstruction outputs metric 3D points which have real-world units. It is
noted that the proposed technique requires only two views with an overlapping area, instead

of multiple views which are difficult to capture, while the vehicle moves fast.
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Figure 3.4: Proposed degenerate near-planar road surface 3D reconstruction technique.
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3.2.2 3D Reconstruction for Near-planar Road Surface

The proposed technique solves the ambiguity issue of F;, by mathematically deriving a unique
fundamental matrix for the near-planar road surface. In the local coordinate {L}, ("1 X§ | =

(0,0,0)T and its projection to image I, ey , is expressed as:

{L}Xz_1
e, = K[Rk,tk] .

= KRy, ti]- | | =Kty (3.18)

o o O

1

It is noted that from Eq. 3.1, all the lines 1; have the following for road surface images:

I, = e, X x}. 3.19
k

Meanwhile, Eq. 3.5 and x;*1;, = 0 relates Fj and 1, as:

Fkx};_l = lk (320)

Substitute Eq. 3.19 and 3.13 into Eq. 3.20 resulting in:

Fix) ;= er x x5 = [ex]xHyx] (3.21)

Combining Eq. 3.21 with Eq. 3.18, it derives F, for the near-planar road surface as:
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where Hy, is calculated recursively by RANSAC using x}_; and xj, after mismatched points

rejection.

Comparing Eq. 3.17 with Eq. 3.22, instead of representing F; with any 3-vector s,
F}. is determined in Eq. 3.22 by t; which is the up-to-scale translation between the camera

positions in two views:

ty = XS — X¢_| (3.23)

Since the vehicle moving along the road has small rotation Ry for the camera in such a short
period from time step & — 1 to k, Ry, is expressed as R, =~ I. Eq. 3.25 can be obtained from
Eq. 3.24:

X, | =P X, = K[L,0]X!
x;, = P X} = K[Ry, t] X, (3.24)

X, — X5 = (Pr = Pp1) X}, = K[(Ry — 1) | (tx — 0)]X],

X;
Y/
x;. = x5 = K[0g3 | ti] Z" = Kt (3.25)

k

1

The substitution of Eq. 3.25 into Eq. 3.22 determines F, as:

Fk = [Xz - Xz_l]ka (326)

As a result, a unique fundamental matrix Fy, is obtained from Eq. 3.26 when the road surface
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is near-planar. This Fy leads to the correct reconstructed road surface points Xj. following

by identifying defects.

Because of various uncertainties in the 3D reconstruction process, errors will propagate
and affect the 3D points Xj. Let %}, be the measured value of x}, where X; = x], + w and

w ~ N(0, 3, ) follows a normal distribution. Eq. 3.24 can be rewritten as:

X; =P/ %] (3.27)

where P = (PLP;)~'P] is the pseudo-inverse matrix of P;. Let Eq. 3.23 be written as

X} = f(x}). By using the first-order Taylor series expansion Eq. 3.23 becomes:

where Jj. represents the Jacobian matrix of f(-). The covariance matrix of Xj thus is

approximated by

Sx; ~ Jp S I (3.29)

Since J}, in this scenario equals to P™ Eq. 3.25 is deduced to be

Yx; & PTE P (3.30)

Therefore, although with a unique F for the near-planar road surface, the noises in the image
inevitably cause errors for the 3D reconstructed surface points X due to the ill-posedness

of the problem.
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3.2.3 Metric Scale 3D Reconstruction

As the 3D points X} reconstructed using the non-degenerate fundamental matrix Fy, is up to
a scale factor, the proposed technique lastly converts X, to the metric scale 3D points X"™
by using the near-planar characteristics of the road surface. First, a plane is fitted from Xj,

as:

XI:,l }/;crl 11 |po le,l
pi| = : (3.31)
XIZ,N kaN Il | p2 ZIZ,N

where a least-squares solution of p is obtained from Eq. 3.36. Then, every point in X} has

a distance dj ; towards the fitted plane:

_— pOXI:,i +p1YkT;i - Zl:,i + D2
=
* pE+pi+1

(3.32)

The camera to plane distance dj in the same scale as the reconstructed X, is obtained by

setting X, =Yy, = Z;, = 0:

c |p2|
e S e R (3.33)
po+pit+1

Therefore, by knowing the real camera to planar object distance h a scale factor ay is

derived to get the metric scale 3D reconstruction:

- hao,
R (3.34)
k
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in which ay converts the up-to-scale X} to the metric scale 3D points X", To simplify the

notation, let the following X" still be written as X, for the rest of the dissertation.

3.3 EXPERIMENTAL RESULTS

Figure 3.5 illustrates the simulated camera and the road surface in the simulation environ-
ment. On the right, the simulated camera is facing towards the simulated road surface,
and has simulated properties such as intrinsic matrix and field of view. On the left, the
environment creates 3D points X} = {(ngi,Y,:?i, Z,:,i)TW@'} to represent the road surface.
77 = Zm + w,, where w, ~ N(0,6) is used to change the evenness of the road in {¥}7
direction. Z,, is the mean distance between camera and the road surface. The default unit

in the simulation environment is millimeter.

The simulated images are obtained by reprojecting X} to the simulated camera. X
are the measured value of xj defined as x; = xj + w, where w ~ N(0,X,r) has the
covariance matrix X, and is used to model the uncertainty for matched features in image.

The covariance matrix of sz is:

Y, = (3.35)

As for the orientation, 6,, 6,, and 0, are the change of angles for the camera about {L} X axis,
{L}Y axis, and 1} Z axis between two time steps. Disturbances such as the vibration of the
camera cause the orientation change of the camera. Define the error for 3D reconstruction

as
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N
1 .
¢ = 5 2 ldki/ di = dii) Znl - Z (3.36)
=1

where csz is the measured distance and Eq. 3.24 shows the ground truth distance dj, ;. Table

3.1 lists the experimental parameters analyzed in the experiment.

Figure 3.5: Camera and road surface in the simulation environment.

Figure 3.6 shows the comparison of 3D reconstruction error between the proposed
technique and traditional SfM. The left figure shows the 3D reconstruction error when the
road surface is changing from planar (6 = 0) to non-planar (§ >> 0). When ¢ is small, the
reconstruction error is large for traditional SfM as the degenerate issue still exists, while the
proposed technique has small reconstruction errors. The error for the proposed technique
in this case is mainly from image noise 0. When the road surface is non-planar, both SftM
and the proposed technique have reconstruction error € ~ 2 mm. The right figure shows the
reconstruction error influenced by image noise o at = 0.1 and § = 10. For non-planar road

surface which has 6 = 10 mm, the proposed technique and traditional SfM both have small
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Table 3.1: Parameters for simulated road surface and simulated camera

Parameter Value
Road unevenness: § [mm] 0.1, 5, 10

Image noise: o [pixel] 0.001, 0.002, ..., 0.1
Zpn [mm] 500, 800, 1100, 1400, 1700
0, [degree] 0.05, 0.10, ... ,5
6, |degree] 0.05, 0.10, ... ,5
0, [degree] 0.05,0.10, ... ,5

Two-view translation

t [mm, mm, mm] (200, 30,0)7
Change of h: ¢;, [mm]| 02,04, ... 20

and similar reconstruction error. When ¢ = 0.1 mm, i.e., road surface is near-planar, StM
has error usually between 10 to 1000 mm while the proposed technique has error usually less

than 1 mm, and even for a much worse case when ¢ = 0.2, the error is less than 2 mm.

30

[ |—SfM §=0.1
| |=—Proposed technique §=0.1
t SfM 0=10

| [=—Proposed technique =10

—_ 1
€ —~10
E s £

0 2 4 6 8 10 0 0.05 0.1 0.15 0.2

§ (mm) o (pixel)

Figure 3.6: Left: 3D reconstruction error comparison between the proposed technique and
traditional SfM when road unevenness ¢ is changing from 0 to 10 mm. Right: 3D recon-
struction error comparison between the proposed technique and traditional SfM at different
image noise ¢ while 6 = 0.1 or 10 mm.

Figure 3.7 demonstrates the comparison between the traditional SfM and proposed
reconstruction technique for planar road and non-planar road 3D reconstruction with differ-
ent 0. The columns from left to right illustrate the 3D reconstruction under 4 = 0.1 and

0 = b respectively. For each column, the top figure is the 3D reconstruction error obtained
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Figure 3.7: 3D reconstruction error for different image noise o = 0.001,0.002, ...,0.1. From
left to right each column represents the results for road unevenness 6 = 0.1 and § = 5
respectively. For each column, the top figure shows the 3D reconstruction by traditional SfM
technique, while the bottom figure illustrates 3D reconstruction by the proposed technique.

by traditional SfM and the bottom figure is the error of 3D reconstruction by the proposed
technique. The image uncertainty o is changed from 0.001 to 0.1, while the experiment also
alters the distance from camera to road surface Z,, to discover the influence to the results. It
can be discovered that when § becomes larger which means the road is not a planar surface,
SfM gives close results to the proposed technique. When § becomes smaller the error for

SfM increases but for the proposed technique the error remains small.

Figure 3.8, 3.9, and 3.10 shows the 3D reconstruction error € by the influence of errors
in rotation matrix R. In this simulation experiment, the rotation matrix R is decomposed

as R = R.R R, where
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1 0 0
R.= 10 cosf, —sind,

0 sinf, cosb,

cosf, 0 sinf,

R,=| 0o 1 0 (3.37)

—sinf, 0 cosd,

cosf, —sinf, 0O
R. = |sinf, cosbh. 0
0 0 1

R,,R,, R, are the rotation matrices about the LX axis, 'Y axis, and “Z axis correspond-
ingly. The initial camera pose has 6, = 0°,6, = 0°, and 6, = 0°. t = (200, 30,0)7 in this
simulation experiment. In Fig. 3.8, it demonstrates the 3D reconstruction error by changing
.. From left to right, each column represents the result under 6 = 0.1,5. o is set to be 0.2
to represent a worse (relatively large) image noise. The top figure in each column illustrates
the results of using traditional SfM, while bottom figure represents the results using the
proposed technique. Fig. 3.9 and Fig. 3.10 represents the same experiment by changing 0,
and 6,.

Figure 3.8 shows the influence to 3D reconstruction error by different 6,. For the SfM
results, when ¢ = 0.1 the error is usually more than 5% of camera-to-road distance because
in this case the error is dominated by the influence of the degenerate issue. In the meantime,
3D reconstruction error is much less by using the proposed technique for the planar road
surface. For § = 5 SfM has error under 2 mm. While for the proposed technique, when

6, = 5°, the error is only around 1 mm larger than the 3D reconstruction error using SfM.

Figure 3.9 identifies the influence to 3D reconstruction error by different 8,. The error
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Figure 3.8: 3D reconstruction error for ¢, = 0.05°,0.1°, ..., 5°. From left to right each column
represents the results for § = 0.1, 5 respectively. For each column, the top figure shows the 3D

reconstruction by SfM, while the bottom figure illustrates 3D reconstruction by the proposed
degenerate reconstruction technique.
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Figure 3.9: 3D reconstruction error for 8, = 0.05°,0.1°, ..., 5°. From left to right cach column
represents the results for 6 = 0.1, 5 respectively. For each column, the top figure shows the 3D
reconstruction by SfM, while the bottom figure illustrates 3D reconstruction by the proposed
degenerate reconstruction technique.

is large and dominated by the influence of degenerate issue for StM when 6 = 0.1, while
the proposed technique constructs road with less than 2 mm error. When § = 5, SfM has
comparable error with the proposed technique. For the proposed, the change of 8, has little

influence on the 3D reconstruction errors which are under 2 mm even at the worst case.

Figure 3.10 demonstrates the influence to 3D reconstruction error by different 6,. For
0 = 0.1, the error is also large for traditional SfM because of the degenerate issue while the
error is small for the proposed technique. When § = 5, traditional SfM has comparable error
with the proposed technique. For the proposed, the change of 6, almost has no influence to

the 3D reconstruction error. The error in this case is mainly influenced by the variable Z,,.
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Figure 3.10: 3D reconstruction error for 6, = 0.05°,0.1°, ...,5°.
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From left to right each

column represents the results for & = 0.1, 5 respectively. For each column, the top figure
shows the 3D reconstruction by SfM, while the bottom figure illustrates 3D reconstruction
by the proposed degenerate reconstruction technique.

The larger the Z,,, the larger the error e.

Figure 3.11 shows the 3D reconstruction error when there exists a change of height oy,
caused by the vibration in camera to road surface distance h. The measured distance h is

expressed as

h=h—Ah
(3.38)

Ah ~ U(0,8,)

where Ah is simulated to having a uniform distribution from 0 to d;. In Fig. 3.11 from left

to right each column represents the result under 9 = 0.1,5 when o is 0.2. Each top figure
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Figure 3.11: 3D reconstruction error of different error §, = 0.2,0.4,...,20 for camera to
road surface distance h. From left to right each column represents the results for 6 = 0.1,5
respectively. For each column, the top figure shows the 3D reconstruction by SfM, while
the bottom figure illustrates 3D reconstruction by the proposed degenerate reconstruction
technique.

illustrates the results of using traditional SfM, while bottom figure represents the counterpart
using the proposed technique. Withing each plot ¢y, is changing from 0.2 to 20. The results
show that when § = 0.1 the error from traditional SfM is large for the road surface. When
0 = 5 SIM starts to give comparable error with the proposed technique. For the proposed, it
can be identified that when ¢, is changing from 0.2 to 20, the error remains almost the same
for different 05. It means that as the change of camera to ground height h is small during
vehicle driving, it has little influence to the 3D reconstruction results by using the proposed

technique.

Figure 3.12 illustrates the comparison between Fan’s [101] stereo vision road 3D recon-
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struction technique, traditional SfM, and the proposed technique. Figure 3.12a shows the
simulation environment for stereo camera, where the baseline between the two cameras, B, is
set to be B = 200 mm. Figure 3.12b compares the 3D reconstruction error € from a changing
8,, caused by the vibration of the vehicle, using sterco technique, traditional SfM, and the
proposed technique on the same simulated road which has § = 0.1 mm and ¢ = 0.2 mm.
The camera(s) has a height h = 1400 mm. To simplify the comparison, let 6, be the angle
for camera 2 respect to camera 1 caused by the vibration. It can be seen that the error from
stereo technique exponentially increases when 6, is larger. Even a relatively small vibration,
when 6 = 0.1 degree, € ~ 10 mm which is still large for the road surface reconstruction task.
Although SfM has smaller error than the stereo technique most of the time after § = 0.2
degree, it still has a mean error which is over 10 mm. This is still mainly caused by the
degenerate issue of the road surface 3D reconstruction. The proposed technique, however,

has less than 2 mm reconstruction error which is mainly caused by the image noise o.

3.3.1 Real-world Field Test

The proposed technique is also analyzed by the real-world experiments. The first real-world
experiment is conducted by a gantry setup for error analysis of the camera as shown in Fig.
3.13(a). Fig. 3.13(b) demonstrated a road surface image capturing system developed by the
authors [102]. Real road surfaces captured by the system are reconstructed to analyze the

quality of road surface reconstruction.

Figure 3.14 illustrates an example of the 3D reconstruction for a same flat plate image
using SfM and the proposed technique. Traditional SfM fails in this example since the road
surface in the image is a near-planar. However, the proposed one gives the correct planar-like

3D surface reconstruction as shown in Figure 3.14c.
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(a) Simulation environment for stereo vision-based technique. B is the baseline
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Figure 3.12: Comparison between stereo vision technique, traditional SfM, and the proposed
technique under the influence of a changing 6, which is caused by the vibration.
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Figure 3.13: Experimental setups for the near-planar object 3D reconstruction. (a): The
camera to plywood distance h is set to be h = 900, 1000, 1100, 1200, 1300, 1400, 1500, 1600
mm separately. A flat plywood with mimic ground pattern is placed as a planar object. (b):
A road surface capturing system with a downward-facing camera.
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(b) 3D reconstruction of flat surface in (a) using traditional SfM. The left image
shows the front view of the reconstructed 3D points and the right image shows

the left view.
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(¢) 3D reconstruction of flat surface in (a) using the proposed technique. The
left image shows the front view of the reconstructed 3D points and the right

image shows the left view.

Figure 3.14: 3D reconstruction of a flat plate using traditional (SfM) and proposed degen-

erate technique.
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Figure 3.15 shows the 3D reconstruction error for near-planar road surface between
traditional SfM and the proposed technique using the setup illustrated in Fig. 3.13(a). It
can be discovered that the reconstruction by conventional technique has almost one order
of magnitude larger errors than the proposed reconstruction technique. Also, the proposed

technique has less variance in 3D reconstruction than SfM for near-planar surface.

104 =

Conventional technigue
£ Proposed technique

10_2 L L L L
900 1000 1100 1200 1300 1400 1500 1600
h (mm)

Figure 3.15: 3D reconstruction error ¢ (means and error bars) between the conventional and
the proposed technique at different h using the height-adjustable gantry.

Figure 3.16 demonstrates the 3D reconstruction results by the collected road surface
images. The colormap of the Z[ , from all the reconstructed road surface X, are shown
using the mesh. The first and the fourth image each represents a road section with pothole
and with near-planar characteristics. Fach road section is stitched by 50 images and repre-
sents about 15-meter road. Image 2, 3, 5, and 6 are the colormap plots for Zj .. It can be
found that for the road section contains potholes, the performance of 3D reconstruction for
the proposed and SfM are similar as shown on image 3 and 4. However, when the road is

near-planar, the proposed technique still show a stable and accurate reconstruction of the
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Figure 3.16: Comparison between the proposed technique with SfM on non-planar and near-
planar road surfaces. The first and the fourth image each shows a section of road with
potholes and near-planar surfaces separately. Image 2, 3, 5, and 6 are the colormap plot for
all Z{ , with the mesh compared between the proposed technique and SfM.

road surface in image 5 while SfM reconstruct road surface with larger variance for Z - and
fails to reconstruct correct 3D road surface at many places as shown in image 6. Image 5
also demonstrates that the proposed technique can even reconstruct and differentiate minia-
ture road cracks. This comparison coincides with the simulation results for the proposed

technique and SfM.

3.4 Chapter Summary

This chapter has presented a 3D reconstruction technique which reconstructs near-planar
road surface from two images. The degenerate issue for the road surface 3D reconstruction
was tackled by deriving a non-degenerate fundamental matrix from the estimation of near-

planar homography, camera’s translation, and camera’s rotation. Only two views captured
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with overlapped area on the road surface are required to reconstruct 3D road surface points
rather than multiple views which are not guaranteed while the vehicle moves fast. Absolute
metric scales are obtained by a conversion procedure for 3D points using the near-planar

characteristics.

Experiments were conducted in both the simulation environment and the field test for
the proposed 3D road surface reconstruction technique. The parameters in the reconstruction
processes were studied in the simulation environment. By changing to different unevenness
9, image noises o, Af,, and A#f,, the proposed technique outperformed the conventional
technique for road surface 3D reconstruction in the simulation test. During the field test, a
height-adjustable camera gantry setup demonstrated that the accuracy of proposed technique
for near-planar objects 3D reconstruction was at least one order of magnitude better in
accuracy than the conventional technique. Test on the road surface capturing system showed
the quality and accuracy of reconstructed near-planar objects. Both the simulation and field
test demonstrate the effectiveness and reliability of the proposed non-degenerate road surface

3D reconstruction technique.



Chapter 4

Physics-based Automatic Defects

Detection for Near-planar Surfaces

This chapter presents a technique that automatically detects road defects using the 3D
geometry and 2D image. The image and geometry are registered on the near-planar road
as the 3D surface geometry is reconstructed exactly from image features. The chapter is
organized as follows. The first section introduces the formulation of the road surface detection
problem. Section 4.2 illustrates the proposed automatic road surface defects detection from
geometry and the corresponding images. Section 4.3 shows the experimental validation of

the proposed technique. Conclusions are summarized in the last section.

4.1 Road Defects Detection Problem Formulation

Figure 4.1 shows general settings and problem formulation of road surface reconstruction
using a downward-facing camera for road defects detection. The road surface, shown as a
near-planar object, contains a pothole representing a defect road. A camera, facing downward
to the road surface at a height h, is mounted on a vehicle. While the vehicle is moving, the
camera captures images Io.x at positions Xg., from time step 0 to time step K. Since images
are captured by a camera of various frame rates at various vehicle speeds, minimally and

most fundamentally required is the reconstruction of a 3D road surface overlapped by two

43
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Figure 4.1: Road surface reconstruction settings for defects detection from one downward-
facing camera. 3D point cloud are reconstructed from consecutive images to represent the

road surface, followed by classifying road into defect and non-defect surfaces.

consecutive images {I;_1, I.}. This problem is converted into localizing the road surface point

cloud X}, = {X},|Vi} using the homogeneous 2D image features xj_, = {XZ_MWZ'} and the

Once the reconstruction has been

corresponding xj = {x};’iWi}, which are extracted from image I;_; and I respectively. It
is to be noted that X3 should be derived simultaneously with X since the camera position

. and defect road

is not precisely known due to the vehicle vibration.

completed, road surface points are classified as normal flat road surface
surface X7?. In Figure 4.1, {G} represents the global coordinate system while {L} is the

local coordinate for two neighboring camera positions.
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4.2 Automatic Road Surface Defects Detection from

Degenerate Near-planar Reconstruction

Figure 4.2 shows the proposed automatic defects detection and estimation technique based
on degenerate near-planar 3D reconstruction. First, the preprocessing keeps correct feature
matching between Ij,_; and I;, while removing wrong feature correspondences using the cam-
era’s motion information. Based on the accuracy-enhanced near-planar 3D reconstruction
which solves the degenerate issue, road defect points are classified by fitting the reference road
surface thus anomaly off-surface 3D points are detected. Since the 3D points reconstructed
from the proposed technique are inversely obtained from images, the proposed technique
automatically detect road defects by combining the 3D defect points and the corresponding

brightness information from 2D images.

4.2.1 Preprocessing

The preprocess rejecting mismatched correspondences is formulated as follows. Right before
the preprocessing, image features xj,_, and xj, in [;,_; and I are found by feature descriptors
such as SIFT [23] which is used in this paper. For SIFT features xj_,, each feature is
represented by a 128-vector. For the ith feature in xj_,, xj_, ;, the Euclidean distance d.

between x;_, ; and the jth feature in x; is defined as:

de = ||X2—1,z' - Xz,j” (4.1)
and the matched feature for xj_, ; is the feature xj ; which results in the minimum d..

After the feature matching process, let the difference of the ith corresponding feature
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Figure 4.2: Automatic 3D reconstruction-based defects detection and estimation for near-
planar road surface.
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at time step k£ — 1 and k be:

= X}; i XZ'—L/L' (42)

This makes the set d{: = {d£l|z =1,2,.., n}, which includes all the n correspondences of
the images I, and I. As the vehicle is moving along the road following a smooth path, it
is valid to assume that the rotation of the camera is small and the camera’s motion is linear

in a short period between two neighboring time steps £ — 1 and k:

df o« X; - X{_, (4.3)
which means d£ are also linear and proportional to the camera’s motion.

Since [;;_; and I} has Gaussian noises for x;_, and x;, and n is large with the difference

distributed smoothly, the measured image corresponding features X, _; and X) are:

Xpo1 = Xpoq twpo1, Wi~ N(0,3,1) (4.4)

Combining Eq. 4.4 and 4.5 with Eq. 4.2, while also based on the Kolmogorov—-Smirnov test
[103] for d}; to test the normality of the distribution, the proposed technique models d£ as

a Gaussian distribution d}: ~ N (H,J:, »/):

d=x-%, S=3,,+3%, (4.6)

where &£ is the mean value and 3/ is the covariance matrix of d£ . As d£ ; of correct matches
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are closer to H,J: than those of the mismatched features, mismatched correspondences can be

rejected by defining correct matching as:

df° = {d] |d; — A®'1 < df < dj + 21} (4.7)

where A is a threshold and 1 is an all-ones vector. As the exact distance that the camera
moves between time step k—1 and k is unknown, RANSAC technique is difficult to determine
the threshold and number of iterations to filter correct feature matchings. However, the
proposed technique uses the camera’s linear motion as a prior knowledge, which means
correct matchings have similar values in dgl Unlike RANSAC, Eq. 4.7 only need to find a
reasonable A and operate once to keep the correct matching within a range (H£ —Axf1, H£ +
AX/1). Therefore, the proposed technique obtains correct feature matchings for the following

near-planar 3D reconstruction.

4.2.2 Anomaly Road Surface Points Detection from Near-planar

Road Reconstruction

After getting the 3D road surface points X from Section 3.2.2, the proposed technique
classifies X, into normal road points and anomaly road points. The reconstructed surface and
distance dj, obtained by Eq. 3.32, however, may not be the final reconstruction. Because the
road surface may have anomalies such as potholes, the first-time road surface reconstruction
will be distorted if such anomaly exists. Thus a recursive surface fitting process is proposed

to reconstruct the road surface through Eq. 4.8 to 4.10:
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o poXp, + Yy, — 2+ pe

. (4.8)
py+pi+1
X5 if dp; <0 and dy; < Ty
ki € (4.9)
o else
. X?"’I‘L
T, = SEeXL) (4.10)

size(X;" 4+ X4

In Eq. 4.8, dy; is a signed value calculated as the distance of X} ; to the current reconstructed
road surface. The positive dj; represents the point Xj ; located in between the camera and
the current fitted road surface. The negative dy; means the point X ; is at the other side
of the current road surface. Eq. 4.9 illustrates the classification of Xj ; into possible defect
points de and non-defect points X} by a depth threshold 7. T}, in Eq. 4.10 is a threshold
refers to the percentage of non-defect points among all the points Xj.. If it is assumed that
at least m percent of the points X are actually representing non-defect road surface, then
a T, > m will continue the recursive process to fit a new road surface based on all the X"

from the last iteration. The recursive process will continue until 7;, < m is reached.

4.2.3 Automatic Road Defects Detection from both 2D and 3D

Information

After getting the 3D reconstructed road surface X}, which are classified into X;* and X}",
the proposed technique further improves the classification of road surface points. As the
inevitable noises in image feature matching propagates to the 3D reconstruction based on

Equations 3.27 to 3.30, current X};d obtained from the latest classification process still have
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false classified points. In order to solve this issue, the proposed technique combines 2D image
color information with 3D reconstructed points to filter out false classified points since defect

road region has different image intensity than normal road region.

Figure 4.3 shows the proposed algorithm to improve the classification of road surface
defect points using both the 2D color image information and the 3D road surface recon-
struction. The function CORRECT_DEFECTS() takes two inputs: the kth image [} and
the defect road surface points X}¢ classified from the last section. At line 1 (L1), a vari-
able length pre is initialized to -1. At L2, {¢} X’,;d represents the correct road surface defect
points classified in X} and length(1'X7%) is a function which returns the number of points
in {C}de. L3 converts I to the grayscale image Iy ,qy. L4 conducts the image binarization
using a threshold T}, which means for every pixel if its intensity is less than T} its value
becomes 1, and otherwise 0. From L5 to L6 the erosion() and dilation() are common oper-
ation to erode the image first and then dilate it to remove the noise. Since inside the 3D
defect region of the road surface it has the image intensity difference comparing with the
normal road surface under natural lighting condition, L5 to L6 are the processes to find the
low intensity region in the image which potentially appears together with defects. Since
the shadow region (where Ij, pinary == 1) and its vicinity may contain defect, the dilation()
will enlarge the area of Iy, pinary(Ik_pinary == 1). L7 to L10 keeps finding the correct defect
points based on the updated 2D defect region. Although X’,;d are 3D points, according to the
road surface 3D reconstruction process, they corresponds to their 2D corresponding points
in the image. Thus 1.9 checks the corresponding 2D positions of de and returns the correct
defect points which are located in the region of Iy pinary (I pinary == 1), which is called the
potential defects region (PDR). In L10, the Ik_bmmy.update({c}de) function updates the
PDR using the new defect points {C}de by the same dilation procedure used in L6. The

dilation process uses a square window with a width of W, which changes the I}, pinary values
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to 1 at all the pixels within this square window if the center pixel value is originally 1. Fi-
nally, if no more new {4 X}% are found through this process, the current {1X7¢ are returned

as the correct defect road surface points.
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Figure 4.3: Defect road surface points classification algorithm using both 2D image and 3D
reconstruction information.

4.3 Experimental Results

4.3.1 Experiments on Real Road Surface

The proposed mismatched points rejection was evaluated based on two consecutive images.
From Eq. 4.7, the detected correct matched points {C}X};d are kept by using the camera’s

motion pattern and a parameter \.

Figure 4.4 shows the mismatched points rejection process and its performance by an-
alyzing two consecutive images. Fig. 4.4(a) and 4.4(b) illustrate the kth image and the
(k+1)th image captured by the camera. Fig. 4.4(c) demonstrates the feature points match-

ing between the kth image and the (k + 1)th image. It can be found that there are some
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obvious mismatched points among the matching. Fig. 4.4(d) shows the detected mismatched
points based on Eq. 4.7 where = 3. The red rectangular areas contain the correct matched
points although they are detected as mismatched points, which shows the side effect of re-
moving also some correct matching during mismatched rejection. Fig. 4.4(e) then evaluates
the performance of mismatched points rejection by using different A\. During the experi-
ment, the total number of all the matched feature points is 4362 and the number of true
mismatched points in the image is 32. From A = 1 to 4.5, all the 32 true mismatched points
are detected and the number of matched points among the detected mismatched points X};d
is decreasing. When A\ = 5, the number of true mismatched points becomes 30 which means
2 of them are not detected by Eq. 4.7. Based on the experiment, a smaller A can detect not
only most of the mismatched points but also keep more matched points into, which increases
the number of 3D reconstruction points as these 3D reconstruction are coming from matched
features. Meanwhile, a larger A can reduce the number of matched points in X;% while the
detection for true mismatched points may be missed, which will lead to the failure of the
3D reconstruction caused by mismatched features. Since starting from A = 1.5 the ratio
between the matched points among the detected mismatched points and the total matched
feature points is less than 10%, the density of the feature matching points is still high since
it still keeps more than 90% of the original points. Therefore from Fig. 4.4(e) the value of A
can be between 1.5 to 2.5 in order to keep more points meanwhile remove all the mismatched

points.

Figure 4.5 shows the experimental setup of the error analysis for the proposed technique
using real images. The camera is facing towards the ground with its principle axis vertical
to the ground surface as shown in Fig. 4.5a. The ground surface is made by a flat plate to
mimic a degenerate planar road surface as illustrated in Fig. 4.5b. An image of road surface

is printed and stuck to the flat plate to provide road surface patterns for the image feature
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Figure 4.4: (a) (b) Two consecutive images captured by the camera. (c) Feature points
matching between two images in (a) and (b). (d) Detected mismatched feature points be-

tween two images. (e) Performance of mismatched feature points detection at different \.
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(a) A height-adjustable gantry for the cam- (b) A flat plate sticked with a mimic road
era. pattern image.

Figure 4.5: Experimental setup for accuracy analysis of the proposed degenerate
3D reconstruction method. The camera to road distance h is set to be h =
900, 1000, 1100, 1200, 1300, 1400, 1500, 1600 mm. A flat plate with mimic road surface pat-
tern is placed as a degenerate plane. A hole on the plate can be used to simulate the road
defect.

searching and matching. A circular part of the plate can be removed from the plate to mimic

the road pothole.

Table 4.1: Parameters for experiments using real images.

Parameter Value
Camera Field of View 56° x 44°
Road unevenness: § [mm] <0.5
Camera to road distance: h [mm] 900, 1000, ... ,1600
Image noise: o [pixel] <0.2
Two-view camera translation:
t [mm, mm, mm)| (100,0,0)T

Figure 4.6 demonstrates the repeatability experiment for the proposed technique. Fig-
ure 4.6a represents a section of the road which contains a pothole. The images of road
surface are obtained by the system shown in Fig. 77 and then stitched together. In Figure

4.6b the Z" — h values of reconstructed 3D road surface points are plotted as a colormap.
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In Fig. 4.6c, the proposed technique measures the same road section as Fig. 4.6b. The two
measurements are then compared to validate the repeatability of the proposed technique.
In Figure 4.6d, Z; are the Z" values of the reconstructed road surface points from the first
measurement, while Z, are the ones from the second measurement. The histogram shows
the count of points with different Zy — Z; values. The mean value of Z, — Z; is —0.1079
mm and the standard deviation of Z5 — Z; is 1.3515 mm. The statistics results of 7y — 7

reflects the high repeatability of the proposed technique.

Fig. 4.7 shows the automatic 3D defects detection process using both 2D and 3D
information on five typical scenarios. Fig. 4.7(a) shows five typical situations. The first
image contains both the hole-like and the crack-like defect. The second one has a defect
with a small area. The third one represents a pothole region. The fourth image contains a
large defect area at the bottom of the image. The last one is the flat road surface and has no
defect in it. Then Fig. 4.7(b) illustrates the 3D points reconstructed from the original 2D
images and their next frames. The red dots in the figures represent the defect position based
on the 3D information from 3D reconstruction. Next, in Fig. 4.7(c), all the detected defects
Xz.d are mapped to the corresponding position in the image. It can be found that although
most of the X}¢ are located in the defect region, there are still several X} which are located
not at the defect region. Therefore in Fig. 4.7(d), the binary 2D image is also used together
with the information from 3D points. The function CORRECT _DEFECTS() defined in
Fig. 4.3 is applied to refine the defects detection by using both 2D and 3D information of
the road surface. Finally, Fig. 4.7(e) demonstrates the refined defects detection results. It

shows the removal of the incorrect X% and keeps the true defect points in {X74.

Table 5.1 compares SfM with the proposed technique on defects detection using road
surface images. The comparison is based on 6300 road surface images which are collected

at rural, urban, and highway road for weather conditions such as sunny, cloudy, and partly
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Figure 4.6: Repeatability test for the proposed technique.
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cloudy around Blackburg, Virginia area. The real road surface images are captured at both
highway driving speed (100 km/h) and local road driving speed (40 km/h). Some images
capture potholes while other images capture flat road surface. From true positive (TP),
false positive (FP), true negative (TN), and false negative (FN), the accuracy is expressed
as (TP+TN)/(TP+TN+FP+FN), precision as TP /(T P+ F P), while the recall illustrated
by TP/(TP+ FN). From Table 5.1 although SfM gives higher recall rate between proposed
degenerate method and the non-degenerate method, it has only 34.34% precision rate. It
means that although SfM rarely misses the detection of potholes (less FN), this method
also generates wrong detection of potholes (more FP). The proposed technique on the other
hand, results in 98.95% accuracy, 94.33% precision and 95.76% recall rate. All the three

criteria are above 94%.

Table 4.2: Performance of road surface defects detection for different methods.

Proposed | SfM

TP 632 658
TN 5602 4382
FP 38 1258
FN 28 2

Accuracy | 98.95% 80%
Precision | 94.33% | 34.34%
Recall 95.76% | 99.70%

4.4 Chapter Summary

A technique of automatic road defects detection based on the 3D reconstruction for the
near-planar road surface is presented in this chapter. 3D points with units are reconstructed
for road surface by using the combination of mismatched points rejection and the metric

3D reconstruction. 3D profiles for both non-degenerate and degenerate road surface are
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reconstructed by the proposed technique. 3D road surface defects are detected automatically

using the reconstructed 3D road surface points and their corresponding 2D image.

Two types of experiment were conducted to evaluate the proposed degenerate road sur-
face 3D reconstruction and defects detection technique. In the simulation environment, the
first experiment compared SfM and the proposed technique under different road unevenness
represented by ¢ and the noise ¢ in images. Results showed that the changing of § does not
affect the reconstruction error e using the proposed technique but increases ¢ dramatically
for SfM when 0 is close to 0 (planar surface). The second experiment compared SfM and
the proposed technique under the different rotation angles 0,,0,, 0, for the camera. Results
showed that by changing theta,,theta,, and theta, the error € is less than 3 mm even at
the worst case. The third experiment showed the change of camera to road distance 9y,
almost does not change the € when 0 < ¢, < 20 mm. For experiments using real images,
the first experiment showed the 3D reconstruction error € using both SfM and the proposed
technique for the reconstruction of a flat surface under laboratory environment. The results
showed that the error for SfM is much higher than the proposed degenerate method, and
the proposed technique have mean error within 1 mm and standard deviation within 1 mm
for h from 900 mm to 1600 mm. Lastly 6300 rcal road surface images were captured by
the presented system on both local road and highway road surface. The proposed technique
increased the accuracy from 80% to 98.95% and precision from 34.34% to 94.33% for the

road defects detection.

This chapter is focused on reconstruct 3D structure and automatically detect defects
for road surface using physics-based technique. Although the automatic defects detection
is usually accurate based on the physics model, there are mainly two drawbacks: First, the
processing time of reconstructing the road surface and then detect defect is long; Second, if

no/few points are reconstructed in the road defect region, it is difficult to detect the defects.
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The next chapter will address these issues by incorporating a data-driven defects detection

into the current framework.
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(a) (b) () (d) ()

Figure 4.7: (a) Original images of the road surface. (b) Reconstruction of 3D points from
consecutive images with overlapping region. Red and blue simulated cameras represent two
camera positions. (c) Detected defects (red circles) X;¢ based only on 3D information. (d)
The binary 2D image marked with detected defects. (e) Refined defects {X7® detection
after combining 2D and 3D information together.



Chapter 5

Automatic Defects Detection and
Characterization Using 3D
Reconstruction-based Self-supervised

Learning

This chapter presents a self-supervised learning technique for automatic road surface defects
detection and characterization based on 3D reconstruction from one camera. While only
unlabeled images are required as the input, the proposed self-supervised learning technique
gets 3D information from a physics-based near-planar road 3D reconstruction which con-
ducts self-labeling for the input images during training. For testing, the proposed technique
combines the data-driven CNN prediction with the physics-driven 3D reconstruction infor-
mation for a refined detection of road defects while characterizing the location, depth, and

area of the defects.

This chapter is organized as follows. The next section shows the problem formulation
for the geometrical 3D road surface defects detection using one camera. Section 5.2 presents
the proposed road surface anomaly detection using self-supervised learning technique. Sec-
tion 5.3 demonstrates the efficacy of the proposed technique through real-world experiment.

Finally, conclusions are drawn at the last section.

61
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5.1 Geometrical 3D Road Surface Reconstruction and

Defects Detection Using One Camera

Figure 5.1 shows the 3D reconstruction of road surface by an ordinary RGB camera. The
camera is facing downwards with its optical axis vertical towards the road surface. The
problem is formulated as given the images I = {{I, I;+1}|Vk € (0, ..., N)}, reconstructing
the road surface points X" = {X}|Vk € (0,...,N)}. For each reconstructed road surface
section X}, Xi% € X7 represent road surface points located in the defect area. “/Xj =
(X7, Y7, Z")" is one point on the road surface which projects to image Iy as “x} = (i,7)"
in the image coordinate. The camera’s postion at time step k is X}, while the camera to the

planar road surface distance is h.

5.2 Self-supervised Learning on Road Surface Anomaly

5.2.1 Overview

Figure 5.2 illustrates the proposed self-supervised CNN structure for road surface defects
detection. Unlike the supervised learning technique, self-supervised learning does not require
the human labeling for input data. In the case of road surface images, each image captures
the road surface only within several meters long. This makes human labeling tremendously
difficult by considering processing tens of millions of road images. Thus the self-supervised
learning technique is suitable for the road surface defects detection task. In the proposed
self-supervised learning technique, only images {I;|Vk € (0, ..., N)} without human labeling
are required as the input. First, the images are passed to the near-planar road surface 3D

reconstruction module which reconstructs the 3D point cloud data X" = {X}|Vk € (0,..., N)}
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Input: Images
{Uk, Lea} IV E (O, ..., N)}

Output: Road surface points
X0V € (0, .., N)}

Figure 5.1: 3D reconstruction of road surface from one camera. I} is the image captured by
camera at time step k. X}, are reconstructed road surface points at time step k. “x% = (i, )
is the image point projected by the point “/Xj. & is the height from the camera to the road
surface. X} represents the camera’s position at time step k.
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from {Ix|Vk € (0,..., N)}. The road surface depth Z" from X, = (X",Y", Z") will then be

used to determine the label [, for image I, as "defect” or "non-defect”:

= 1, Iy has defect (5.1)

0, Iy has no defect
The self-labeled images are then passed to the convolutional neural network inspired
by the AlexNet [80] and the output of the CNN has two probabilities corresponding to the
"defect” and "non-defect” classes. The last module of the proposed technique determines
whether the output probabilities are strong enough to conclude the road to be defect or non-

defect category. If the belief is not strong, additional information from 3D reconstruction is

included to provide a final decision on the road classifications.

The input to this network is {I|Vk € (0,..., N)}. The input images have no labels for
training process at this stage. First, the images are passed to the near-planar road surface
3D reconstruction module which calculates the 3D point cloud data to represent the road

surface.

After previous 3D reconstruction and defects decision process, the images are self-
labeled using their 3D geometrical information. This is one of the main difference between
the proposed technique and the conventional CNN techniques for image data which require
the labels for training. Also for conventional CNN techniques with RGB-D data, the input
should be not only RGB image but also the depth (D) information either from Lidar or
RGB-D camera. However, the proposed self-supervised learning structure only requires
consecutive images as inputs. It labels the defect /non-defect image by the 3D point cloud
data generated directly from image inputs. By doing this, there is no need for labeling the

road surface images by human beings, which is important since the amount of the road
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Figure 5.2: Self-supervised learning for road surface defects detection. The training process
only needs unlabeled images as input. 3D depth information is obtained by a near-planar
road 3D reconstruction process to conduct self-labeling of images. For testing, the image
is passed to the network which gives prediction of defect or non-defect. The 3D depth
information helps to refine the classification if the original predict is not strong enough.

surface images is too huge to inspect. Also, human beings judge the defects only based
on the color information which causes subjectivity on defect road surface images labeling,
while the proposed technique detects defect according to both the RGB image and the depth

information.
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5.2.2 Near-planar Road 3D Reconstruction and Self-labeling

Epipolar constraint describes the geometrical relationship between 3D object and its 2D
image projection. Since road surface’s near-planar characteristics, xj, and xj,_ ; satisfies Eq.

3.13. Thus given the epiploar line 1,1, epipolar constraint is illustrated as follows:

r r
1k+1 =€p+1 X Xy = €41 X Hka
(5.2)
lk+1 = FkXZ

where ey is the epipole which represents the projection of camera’s center position at time

step k onto I,1. As a result, the epipole e;;; can also be expressed as:

er1 = K[Rpy1, trp] - = Kty (5.3)

o o O

where the homogeneous coordinate of the camera’s center position is (0,0,0,1)T. t,,; =
w1 — X is the camera’s translation between two time steps. From Eq. 3.11, it can be

derived that

X2+1 —Xp, = (Prp1 — Pp)X} = K[(Rpy1 — 1) | (tri1 — 0)]X], (5.4)

which means if the orientation of the camera does not change much between time step k and

time step k + 1, the rotation matrix Ry, will be Ry &~ I which leads to:
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X1 — X = K[(T = I) | (6341 — 0))X} = K[03x5 | tr1]X] (5.5)

Here X, is abused to represent its homogencous coordinate, which is X, = (X}, Y/, 27, 1).

Because of 0343, Eq. 5.5 is evolved after substituting Xj:

X1 — X = Kt (5.6)

Finally, combining Eq. 5.2, 5.3, and 5.6, the fundamental matrix Fy is derived to be

unique as:

Fi = X1 — xp] < H (5.7)

Thus correct 3D road surface X" can be obtained by combining Eq. 5.7 and 3.12.

The advantage of getting 3D point cloud data from proposed 3D near-planar road
reconstruction is that the point cloud data do not need to have another registration process
onto the image. The point cloud data naturally have perfect match with image pixels since
they are reconstructed from the image feature matching. The corresponding 3D points then
give the image clue of depth differences within the image, which can find the defects area
by examining X}. The defects area points X;* = (X7 Y74, Z;9)T have smaller Z}¢ compare
with Z; which locate on the flat road surface. A normalization procedure is performed before
labeling. X} are normalized through the distance from camera to ground surface h, which

. . . v
results in normalized road surface points X;:

X, = =k (5.8)
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then a threshold « is used to decide the points X}¢ which are located in the defects area:

X5t = {X VX < a} (5.9)

The value of « is decided by the determination criteria of defects. If the defect is defined by
its ZI' < Z%, « is then defined as a = ZTd The self-labeling thus is done by examing depth
Z7 for the road captured by Ir. If X} have some road surface points where Z < Z¢, these
points represents the road defect points X} and I, is automatically self-labeled as [, = 1.

Otherwise, I represents non-defect road and is self-labeled as [ = 0.

5.2.3 Network Structure and Classification using 3D Road Data

In Figure 5.2, the convolutional neural network has five convolutional layers and three fully
connected layers. As the proposed technique is solving a classification problem with two
classes [, = 1 and [, = 0, the last fully connected layer outputs 2 numbers as the scores for
two classes. The score for class [, = 1 and [ = 0 are represented as s; and sg. Besides
convolutional layers (Conv), the network also has Rectified linear unit (Relu), Max pooling
layer, Dropout layer, and Fully connected layer (FC) [80]. The eight layers are deployed as:
(Convl + Relu) - (Max pooling + Conv2 + Relu) - (Max pooling + Conv3 + Relu) - (Conv4
+ Relu) - (Convb + Relu) - (Max pooling + Dropout + FC6 + Relu) - (Dropout + FC7
+ Relu) - (FC8 + Relu). The data size after each convolutional layer is shown on Figure
as 5.2 as H x W x C' where H is the height, W is the width, and C is the channel of the
data output after each layer. The scores s; and sy represent the unnormalized probability
of each class. In order to get the normalized probability, the softmax function is used to get

the new probability for each class as:
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eslk

¥2_ esi

P, (5.10)

where p;, is between 0 to 1. Therefore if one of the classes show strong belief (p;, close to
1) that I belongs to itself, the classification on the road for I} can be determined. On the
other hand, if p;, is far away from 1, the classification determination process needs the help

from 3D reconstructed road information.

5.2.4 Defects Clustering and Estimation

Figure 5.3 shows the clustering and property estimation of road defects. After road defect
points X;? being detected, a recursive mean shift algorithm is used to cluster defects. At
iteration 0, multiple squire windows are assigned to cover the whole road surface. msg;
represents the center position of the ith window at iteration 0. w X w is the size of the
window. Xgij means the jth road surface point in the defect region. At iteration 1, the
windows are shifting based on the their positions towards defect points X};d:

rd
S K (mso, — Xi4) X

N X'r‘d
ijulm( " K(msg; — XZ?])

(5.11)

ms;; =

where Num(X};%) is the number of points in X}%, and K(x) is a flat kernel function for

x = (21,22, ..., ¥;) given by:

1|z <2 VjelR
K(x) = no (5.12)

0, else

Thus the windows are moving to X;% after each iteration. The iteration will be terminated
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when the window positions are converged. As a result, the windows which are closer can
be clustered using the same label. The number of different labels represents the number of
defects on the road Xj.. The area, location, and depth of each defect can then be estimated

from the clustered 3D points X%

Iteration O

Mmsoi-1
(] (] [ ] L] L] ° () ®
",'i oL . W e®eoo0
/ ‘) o IO
i i T YA
° ) , %®
. il e ° o® © ° °
° ":J i
-
ms; rd
i ° l.o o./ X
L
L] [ ) [ ] [ ] [ ] ° [ ) L]
Iteration 1
ms; e®e0
) X
e (e
"}..‘ ° ."\_.o
I
1,1 “ .O.
e
[ )
L
: i
Iteration n .

Figure 5.3: Defects clustering and estimation using mean shift algorithm.

5.3 Experimental Results

5.3.1 Data Collection

Table 5.1 shows all the conditions under which the road surface images are captured.
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Table 5.1: Variables for road surface data collection

Variable Name
Road category: highway, urban, rural
Period of time: morning, noon, afternoon
Weather: sunny, partly cloudy, cloudy
Road surface material: concrete, asphalt

5.3.2 Imbalanced Data Augmentation

Since the amount of road defects are far less than the non-defect road areas, the road surface
images collected are highly imbalanced. Among nearly one million images collected from
the road, over 99 % of the images are non-defect. The imbalanced data can cause strong
bias to the traning of neural network. In the case of road surface images, if the amount of
non-defect images are dominant within the training data, the whole network will tend to
predict the road as non-defect at the test time since during training the model learns that
by predicting the images as non-defect it is correct over 99 % of the time. In addition, less
defect road images means that the model learns less about the road defects during training.
Thus augmenting the number of defect road images will help to improve the prediction of

the model.

Figure 5.4 shows the augmentation of the defect road images. After an image is self-
labeled as the defect road surface, the road defect is augmented to several images by translat-
ing, rescaling, rotating, and flipping. For the translation and rescaling process, the original
image is translated to several images so that each generated image contains the defect area
but at different locations of the image. The newly generated images usually allocate the
defect to the left, right, up, down, and center of the image. For the image rotation, new
images are obtained by rotating the original image at different angles such as 90°, 180°, 270°

and so on. The flipping increases the defect images by the flip of original image along their
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Figure 5.4: Defect image data augmentation. The imbalanced data between defect and non-
defect images are solved by data augmenting through translation, rescaling, rotation, and
flipping of defect images.

horizontal or vertical axes.

5.3.3 Network Performance Evaluation

The proposed self-supervised road defects learning structure was first trained by the collected
road surface images. Table 5.1 lists all the conditions under which the images are collected.
Among the captured images, 3155 non-defect images are randomly chosen as the training
data. Also, after the image augmentation, 2700 defect images become the rest of the training
data which reflects the road defect. The weights of the network are initialized according to
Krizhevsky et al. [80]. During the training, the selected 5855 images are divided so that 80
% become the training data and 20 % are the validation data. The hyperparameters such
as learning rate, learning decay, number of epochs, and batch size are fine-tuned to get the
optimal result. The best combination of hyperparameters are: 0.00005 learning rate, 0.95

learning decay rate, 800 epochs, and a batch size of 64.
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Table 5.2 demonstrates the performance of the proposed technique comparing with the
traditional image only CNN defects detection using the testing data. The testing data are
composed by 220 non-defect images and 204 defect images. The comparisons in precision,
accuracy, and recall rates are conducted among Alexnet [80], Vgg-16 [81], Densenet [36],
and the proposed (3D + Backbone: Alexnet). It can be found that the proposed Image +
3D learning network improves the performance of road defects detection in accuracy and
recall comparing with the other three CNN which detects defects based on only the image

information.

Table 5.2: Performance for testing data on traditional image only technique and the proposed
technique.

Accuracy | Precision | Recall

Alexnet 79.0% 99.1% 56.4%
Vgg-16 78.8% 96.7% 57.8%
Densenet 89.9% 94.4% | 83.8%

Proposed (3D + Backbone: Alexnet) | 95.9% 95.2% | 87.7%

Figure 5.5 shows the average processing time for each image on the road surface defects
classification. It can be seen that for the three CNN models, the time spent on detecting
defects for one image is less than 10~! second, while the time for the proposed data-driven
detection is around 10° second and around 10! for the proposed physics-based detection.

Thus, the average processing time reduced to 1/10 for the proposed data-driven technique.

Figure 5.6 shows the quantitative prediction results for several representative images.
From top to bottom, each row in the figure means: the original image, ground truth for
the image, class prediction by image only (without 3D information), decision making on
whether the belief strong enough, 3D depth image, and the final class prediction using the
image and 3D depth information. Column 1 and 2 show two cases where the image only

prediction matches the ground truth. Furthermore, as the belief of predictions are strong
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Figure 5.5: Average time spent on classifying road surface image into defect or non-defect.

enough (empirically set by p;, > 0.95), these two cases make the final prediction without
using the 3D depth. Column 3, 4, and 5 illustrate cases that first have wrong predictions but
finally make correct predictions after combining the 3D information. The original image of
column 3 contains the double solid lines which predict the image to be "Defect” with a weak
belief (p; = 0.7813). With this not strong belief, a near-planar road 3D reconstruction is
conducted to help the prediction. Since the depth image strongly infer that there is no defect
in the input image, the final decision predicts the image as "Non-defect” which is consistent
with the ground truth. Column 4 has a small pothole in the image which is difficult to
recognize. The image only classification predicts it as a "Non-defect” road. After following
the same process of using 3D information, the final prediction is corrected to predict it as
"Defect” as the 3D data for pothole is obvious in the depth image. Column 5 has some cracks
in the image and is wrongly predicted as "Defect” at the beginning. It is also corrected to be

the same as ground truth after using 3D data. Column 6 is different with other cases since
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Figure 5.6: Quantitative results for the proposed technique in several representative situ-
ations. Column 1 and 2 data are predicted correctly at the image-only prediction stage.
Column 3, 4, and 5 data have wrong predict at the image-only prediction stage, but are
corrected at the final prediction by 3D road depth. Column 6 shows a false positive case
because its wrong belief is so strong that the network directly output the wrong prediction
as the final classification.

it reflects a False Positive prediction at the end. The reason for this error is that the image
only prediction gives strong belief of this road marking image to be a "defect” road with
p1 = 1.0000. The proposed technique then believes this strong prediction and does not use
3D information to facilitate the prediction. Thus the prediction is kept as "Defect” which

results in a false positive case.

Figure 5.7 demonstrates the clustering of road defects. The depth of reconstructed
road X, ; is shown as a colormap. It can be discovered that there exists multiple defects in
a section of the road. Then the proposed mean shift defects clustering algorithm initialize
windows to cover the whole road. The example is converged after 5 iterations by then the
defects are clustered to be four groups. Thus the size, position, and depth can be easily

determined using clustered 3D points X};d.
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Figure 5.7: Road defects clustering and estimation. From left to right: A section of road sur-
face images stitched together; The depth colormap of the corresponding road; Initialization
(iteration 0) of proposed mean shift windows; Windows’ position after iteration 1; Windows’
position after iteration 5. Number of defects are recognized by the clustering. Defects’ size
and depth are estimated based on clustering.

5.4 Chapter Summary

This chapter has presented a self-supervised road surface defects detection learning tech-
nique based on 3D reconstruction from one camera. Relying on the near-planar road 3D
reconstruction process, the proposed technique labels the input training images without the
human labeling. In addition to self-supervised learning from 3D road surface, the geomet-
rical depth information is also combined with the CNN classification output to result in a
more accurate prediction. Also, the clustering for detected road defects further estimates

the quantity, depth, location, and size of the defects.

Over one million road surface images are collected with the road image capturing
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system. The images are captured at various conditions such as different road categories,
period of time, weather, and road surface materials. The experimental evaluation of the
proposed technique is analyzed based on the collected road surface images. Due to the
imbalanced nature of defect and non-defect road surface images, the defect image data
augmentation is conducted by using translation, rescaling, rotation, and flipping of the defect
images. The training of proposed network is based on road images that are random-selected
and balanced. The testing data demonstrate the increase for all the Accuracy, Precision,
and Recall to be 95.9%, 95.2%, and 87.7%. Several case studies show that the proposed
technique effectively improve the prediction accuracy of the convolutional neural network
by using Image + 3D for images containing irregular potholes, cracks, road lines and other
markings. One of the future works is fine-tuning the hyperparameters and layers layout of
the CNN for more accurate prediction results. Another future work is that by using a camera
looking forward at road surfaces in front of the vehicle, the revised deep learning network

have the potential to achieve online road defects detection in front of the car.



Chapter 6

Road Surface Monitoring System

This chapter presents a system design and the data visualization for road surface monitoring.
The first section formulates the problem and lists the design specifications for the road surface
monitoring system. Section 6.2 shows the system design for both the hardware installation
and the electronics/sensors integration. Section 6.3 illustrates the proposed simultaneous
road surface 2D and 3D mapping by fusing the sensor data from the designed road surface
monitoring system. Chapter 6.4 demonstrates the performance for the proposed 2D and 3D

mapping by using the designed system.

6.1 Problem Formulation

Figure 6.1 is a diagram to show the road surface monitoring problem. The proposed road
surface monitoring mainly focuses on two tasks: capturing the road surface images, which
are represented by Iy, I, ..., I, and reconstruct 3D road surface X, X7, ..., X} in the global
coordinate {G}. Furthermore, the 3D defects such as potholes are automatically detected
through the 3D road surface, and other road surface information such as cracks and road
surface markings are monitored through the 2D images. Since the road surface monitoring
tasks are usually performed on the public road, the system mounted on a vehicle requires to
drive at common speed from 20 km/h at local road up to 100 km/h at highway. Thus, the

road monitoring system needs to capture clear road surface image and reconstruct 3D road
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Figure 6.1: Road surface monitoring problem.

surface while drives at different public road speed.

6.2 Road Surface Monitoring System

Figure 6.2 shows the proposed road surface monitoring system. Only one camera is necessary
to capture and reconstruct road surface, but two cameras are used individually to expand the
system’s field of view to around the lane width. The GPS records the global position of the
vehicle while the system is capturing the road surface images. Two high-illumination LED
lights increase the brightness of the image at low ambient light condition. The odometry data
from the OBD-II port is read by the system, while a FPGA is programmed to synchronize the
OBD-II odometry data with the camera and the GPS by sending the synchronized control
signals. The maximum frame rate of the camera is 100 Hz and the shutter speed is 0.04
ms. Since the camera’s frame rate and shutter speed are both high, the camera captures
road surface images with no motion blur and more than 50% overlapping region between
two consecutive images at up to 100 km/h driving speed. Therefore, the proposed design

of the road surface monitoring system captures and reconstructs the road surface at various
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Figure 6.2: Road surface monitoring system for various driving speed.

speeds up to 100 km/h which is the highway speed.

Figure 6.3 shows the equipment and control circuit of the proposed road surface mon-
itoring system. Figure 6.3a illustrates the control units, which are located at the trunk of
the car, for the road surface monitoring system. The Portable power system is composed of
a 12 V DC battery and a DC-AC converter, which provides power to the data processing
PC, two screens, and the FPGA. The data processing PC reads the odometry data from the
OBD-II port and convert it to data which adaptively change the frame rate and frequency
for the camera and GPS. Also, the data processing PC saves all the images and GPS data.

The FPGA gets the output from the data processing PC and sends the synchronized con-
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Figure 6.3: Design and control circuit for road surface monitoring system.
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Figure 6.4: Simultaneous road surface 2D and 3D mapping.

trolling signals to both the camera and the GPS. The primary screen is used mainly in the
developing and debugging period while the touchscreen acts as the main user interface to

operate the system.

Figure 6.3b is the schematic diagram of the control circuit. First, the ELM 327 OBD-II
reader is used to obtain the odometry data. ELM 327 converts the serial bus signal to USB
communication protocol which the data processing PC can read. A program is developed on
the data processing PC to understand the odometry information sent by ELM 327 through
USB protocol. The program handles both the ISO 15765-4 11-bit and 29-bit CAN protocol,
which are used by most of the cars nowadays. Then, the data processing PC sends the
current vehicle speed through a serial signal to the FPGA. The FPGA receives the speed
signals from the RS-232 port, converts them to controlling signal, and sens this synchronized

signal to change the frame rate of the camera and GPS.
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6.3 Simultaneous Road Surface 2D and 3D Mapping

Figure 6.4 shows the simultaneous 2D and 3D road surface mapping from the proposed road
surface monitoring system. As the road surface monitoring system drives from time step k to
k+n—1, it captures n road surface images which have overlapping between every neighboring
two images. Therefore, from the previous chapters, a continuous 3D reconstruction for the
road surface between every two images builds the 3D road surface map between time step k
to k +n — 1. Meanwhile, the 2D road surface map is obtained using the images captured

between time step k and k& +n — 1.

In order to get the 2D and 3D road surface maps, several problems need to be solved
based on the designed road surface system. First, the maximum frequency of the GPS is
usually less than the image frame rate, thus the synchronization issue of the GPS data with
images need to be addressed. Second, since road surface images are discretely captured, it
is required that a technique can determine the pose and show the continuous road surface
to better reflect the real road surface condition for a long section. Third, the obtained 2D

and 3D map needs to be visualized properly for the road surface monitoring purpose.

Figure 6.5 shows the synchronization of the GPS data to images and the determination
of road surface image pose. Figure 6.5a illustrates a road surface image captured at time
step k — 1. When the road surface monitoring system recorded this image, the GPS on
the system also obtain the global position in 1} X and {“}Y direction as ({¢}a;_y, {y,_y).
Besides the position of the road surface image, the pose also contains the orientation 6,
of the current image. However, all the sensors on the proposed system do not measure 6
for the image. Therefore, this pose determination problem is solved by using the vehicle’s
motion information. When the vehicle moves to the next position (1 a;,, {&ty,) at time step

k, the vehicle’s moving direction is determined the vector ({G} zp— Gy, {G}yk — {G}yk_l).
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Figure 6.5: High frame rate images pose determination and synchronization to the GPS
data.
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Since the time between time step & — 1 and k is short and the camera is rigidly attached to
the vehicle, the vehicle’s moving direction is parallel to the image’s y direction. Thus the

orientation of the road surface image in global coordinate is:

Gy, — Gy,

{G}yk - {G}yk—l (6'1)

0y = arctan(—

Figure 6.5b then shows the continuous GPS data and image registration. As the
frequency of the GPS is usually less than the image frame rate, shown in the Figure 6.5b,
the GPS-corresponding images will have some unregistered n — 1 images in between. The

pose of these n — 1 images are thus determined from the neighboring images.

In order to solve the unregistered images between two neighboring GPS recordings,
Figure 6.6 demonstrates the proposed solution for determining the pose of images which miss
GPS data. Figure 6.6a shows the situation when the GPS frequency is less than the camera
frame rate. In this case, the two neighboring GPS data are recorded at ({G}xk_h G} Yr—1) and
({G}xk_Hn, {G}yk_Hn) respectively. There are n images in between which are not registered
with the GPS. If using interpolation to determine missing poses for unregistered images,
the pose of these images will not be accurate. However, as the feature matching between
two neighboring image are already obtained for the 3D reconstruction process, the proposed
technique uses matched features to stitch road surface images especially for those which are
unregistered with GPS data. Figure 6.6b illustrates the proposed road surface mapping.
Image stitching is performed for the n images which only the first image has corresponding
GPS data. Therefore, because image stitching uses matched image features to posit the
images one by one, it is more accurate than pure interpolating image poses. Also, by stitching
n images, the road surface map is continuously displaying a period of road, which is a more

straight-forward visualization for the road surface monitoring.
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Figure 6.6: road surface image stitching for unregistered GPS-missing images.
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While getting the 2D road surface map, the road surfaces are reconstructed by the
proposed 3D reconstruction technique. As the 3D reconstruction also relies on the features
matched between two neighboring images, the transformation calculated in the 2D road
surface stitching is the same for 3D reconstructed points transformation. By stitching the
3D reconstructed points from the same n images, the proposed technique and system can

reconstruct the 2D image and 3D road surface simultaneously.

6.4 Experimental Validation

The designed road surface monitoring system and the proposed simultaneous 2D and 3D
road surface mapping are validated in the real world environment. The experimental tests
are conducted at Blacksburg Virginia and the nearby area. The road surface images are
captured at different weather conditions such as sunny, cloudy, and partly cloudy. The road
surface types include concrete and asphalt. The road measured contains rural road, urban
local road, and highway, which requires the system vehicle to drive from 30 km/h to 100
km /h.

Figure 6.7 shows the 2D road surface mapping on Google Map and the GPS-image
synchronization using the proposed system and techniques. The figure on top displays some
road sections measured by the road surface monitoring. The green line shows the GPS data
to draw the path of the vehicle. Each red marker represents a section of 2D road surface
mapping synchronized with the GPS position. The bottom figure then is an enlarged view of
the section marked by a blue rectangular box. The yellow rectangular box locates a section
of 2D road surface mapping stitched by several images. It can be seen that the GPS data
is well synchronized with the road surface and the road surface stitching is correct for the

current location.
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Figure 6.8 shows the test for the resolution of the collected GPS data. The left figure
demonstrates a test at the local road. The green line represents the vehicle’s path based on
the GPS data. The purpose of the experiment is to show the qualitative result of the GPS
path. The tested road has four lanes, and the road surface monitoring system drives on each
lane one-by-one. The right figure illustrates the zoomed-in view of the yellow rectangular
box area. It can be seen that the four lanes are clearly separated by the GPS data which

means the proposed system can measure each lane of the road surface.

Figure 6.9 demonstrates the visualization of the proposed simultaneous 2D and 3D
road surface mapping on Google Map. Figure 6.9a shows the pasting of the 2D stitched road
surface map and Figure 6.9b visualizes the 3D road surface map. It can be seen that the
position and orientation for both the 2D and 3D map are aligned correctly to the Google
Map. This visualization of road surface map on online maps such as Google Map provides

an intuitive and cfficient way for the road surface monitoring task.

Figure 6.10 demonstrates the automatic long-distance 2D and 3D road surface mapping.
The blue line indicates a long-distance travel of the road surface monitoring system in the
urban environment. Figure 6.10 visualizes part of the long-distance 3D road surface mapping
from Figure 6.10. The result shows that the proposed simultaneous 2D and 3D road surface
mapping technique can automatically measure the road surface by using the designed road
surface monitoring system. The system helps the automation of the traditional surveying
work by human being and efficiently provides richer information on both the 2D and 3D

road surface information for long-distance road measuring.
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6.5 Chapter Summary

This chapter has presented a road surface monitoring system design and the simultaneous 2D
amd 3D road mapping technique. The designed road surface monitoring system integrates
and synchronizes FPGA, camera, OBD-II, GPS, and onboard PC together for both the
sensor hardware and software. Different sensor data are then fused to generate 2D road

surface image map and 3D road surface map simultaneously.

The overall performance of this designed road surface monitoring system is evaluated by
the experiment. The data collecting tests are done in various speed limits such as highway,
urban road, and rural road. Also, the data are collected on different weathers which are
sunny day, cloudy day, and partly cloudy day. The first and second experiment are designed
to evaluate the synchronization of GPS data with images and the resolution of the GPS
data. Experiments show that the road surface images stitched are well synchronized with
GPS data geographically and the resolution of GPS data clearly separates lanes of the road.
The second experiment demonstrates that this system can simultaneously make 2D and 3D
map for the road surface. The last experiment is conducted for a long-distance road surface
measuring. The results show that the proposed technique automatically reconstruct the 2D
and 3D map for long-distance measurement and efficiently visualizes the maps on online

map server such as Google Map.
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Figure 6.7: GPS-image synchronization and 2D road surface mapping.
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Figure 6.8: Lane-resolution GPS test.
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Figure 6.9: 2D and 3D road surface mapping and visualization on Google Map.
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Figure 6.10: Experiment for automatic long distance 2D and 3D road surface map.
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Figure 6.11: Detailed view for part of the automatic long distance 3D road surface map.



Chapter 7

Conclusions and Future Works

7.1 Conclusions

This dissertation has presented four principal contributions: a degenerate near-planar road
surface 3D reconstruction from one camera, an automatic road surface defects detection and
estimation technique using 2D and 3D information, a self-supervised learning technique for
the road surface defects detection based on 3D physics-based data and data-driven CNN,
and a designed road surface monitoring system that performs the simultaneous 2D and 3D

road surface mapping.

The first proposed technique reconstructs the degenerate near-planar road surface into
3D by using one camera. The proposed technique tackles the degenerate issue for near-
planar road surface by deriving a non-degenerate fundamental matrix based on the camera’s
translation, rotation, and the near-planar homography. Comparing with traditional SfM
technique which also uses one camera to reconstruct 3D object, the proposed technique only
need two images to reconstruct the 3D road surface without the degenerate issue while the
traditional SfM needs three to avoid the degeneracy. The absolute metric-scaled 3D road
surfaces are obtained from a conversion procedure which uses the near-planar characteristics.
The experiments in both simulation environment and the real-world environment evaluate
the proposed technique. The results show that by changing to different unevenness § and

image noises o, the proposed reconstruction has less than 3 mm reconstruction error even
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at the worst case during the experiment under different rotation angle 6,, 6,, and 6, caused
by the potential vibration. The test on real road surface demonstrates the quality of the
reconstructed 3D road surface and the mean reconstruction error of less than 1 mm while

the standard deviation also less than 1 mm.

The second technique proposed in the dissertation is an automatic road surface defects
detection based on 2D and 3D information. After getting the near-planar road surface 3D
reconstruction from the previous chapter, a preprocessing process uses the camera’s linear
motion knowledge to remove the outliers in feature matching. Then the 3D anomaly road
surface points are identified from their distances to the reference road plane fitted from
all the reconstructed 3D points. Knowing the potential anomaly points from 3D points,
the proposed technique automatically detect the defect region by combining the 2D image’s
brightness information with the 3D points classification. Finally, defects are clustered to-
gether based on a mean-shift based filter on the 3D defect points. The experiment on the
real road surface first shows the effectiveness of the proposed technique in removing mis-
matched feature correspondences. The road surface defects detection experiment on public
road surface image data demonstrates a 98.95% accuracy, 94.33% precision, and 95.76%

recall rate.

The third contribution has presented a self-supervised learning technique for road sur-
face defects detection using near-planar 3D reconstruction. Without human labeling, the
proposed technique automatically labels the road surface images into defect or non-defect
based on the 3D road information for training data. During testing, while the trained CNN
outputs the classification probability, the outputs are combined with the 3D depth data to
give a more accurate prediction for the tested road surface images. During the experiment,
the image data augmentation is effective in relieving the imbalanced-data problem. Com-

pared with traditional learning-only detection technique, the proposed technique improves
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the defect-accuracy, non-defect-accuracy, and accuracy of defects detection each from 79.4%

to 94.6%, 94.7% to 97.5%, and 92.0% to 97.1%.

The fourth contribution is the design of a road surface monitoring system from which
a simultaneous 2D and 3D road surface mapping is proposed. The road surface monitoring
system is designed to synchronize different sensors and equipment together such as FPGA,
OBD-II, camera, GPS, and onboard PC. By solving the pose of road surface images, the
proposed technique generates 2D and 3D road surface map simultaneously. The experiments
are implemented at different weathers such as sunny day, cloudy day, and partly cloudy day
to capture road surface images on highway, urban road, and rural road. The results show
that the GPS data and images are well synchronized and have a resolution to separate each
lane of the road. Also, the stitched 2D and 3D road surface maps have correct pose in the
geographical environment and can be automatically generated and visualized simultaneously

on online map server.

7.2 Future Works

This dissertation has worked on the degenerate near-planar road surface reconstruction and
automatic defects detection problem. However, there are still several directions which can

be further investigated or explored:

More experimental evaluations of the defects clustering and characterization.

Evaluating more on neural networks parameters for the proposed data-driven detection.

Road surface texture features for vehicle’s localization.

Road surface defects physics-based modeling using 3D surface measurement.
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These continuing works will lead to more valuable outcomes from the information

extracted from road surfaces.
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