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ABSTRACT

Developing a mobile robot navigation is a useful and challenging task. The
applications vary from autonomous driving to Unmanned Aerial Vehicle controlling. On
the other hand, with recent advances in Computer Vision field, it is possible to develop a
mobile robot which can autonomously navigate around to perform a certain task using
visual information. However, most of the current visual tracking methods will not perform
well under mobile robots with limited computing and battery power. Thus, this thesis
provides a framework, together with a designed marker, for fast and accurate trackins.
The proposed framework starts by detecting a lot of candidates and then make use of
the known geometric information of the designed marker to quickly filter out any non-
marker element. Then, with the detected marker, distance and turn angle between the
attached camera and the marker can be calculated. This framework has been tested on a
low computing unit and has demonstrated promising speed and accuracy in the scenes

with various lighting and complicated background.
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Chapter 1

Introduction

1.1 Problem Statements

Guiding mobile robot to navigate around using visual information is one of the
attractive and challenging fields for research. With this navigation system, we can made a
lot of systems possible including a system for autonomous driving vehicle [1], a system
which can control Unmanned Aerial Vehicle (UAV) automatically [2], or a simple system
which can carries our belonging and follow us around [3]. Although many of the system
utilized various sensors to navigate around, the visual sensor (a camera) has become more
popular in recent years.

Using visual information for guiding system can be challenging due to numerous
factors. To start with, trying to recover the real world information from image is an ill-
posed problem. To do so, we have to recover 3D information from 2D data which is similar
to trying to find values of three variables using only two equation. Additionally, there are
enormous noises, such as change in lighting or embedded noise from camera, and missing
information, such as change in perspective or occlusion, in the way we capture visual
information. Moreover, to be able to “see” the world as good as human, we have to rely
on pass experience which is hard to formulate (see [4] for visual information processing
example).

Before getting into detail, let us discuss overview of the mobile robot navigation
system. The navigation of mobile robot can be view as art and science of how to travel
through the environment [5]. There are three problems that can briefly define navigation
system [6]: “Where am 1?”, “Where am | going”, and “How do | get there?”. The first
question typically answered by Simultaneous localization and Mapping (SLAM) (detail in
[7]) technique. However, the latter two questions are of a sufficient challenge when it
comes to a dynamic scene.

The main target of this work is to develop a navigation system of a mobile robot

for following a designated target in a dynamic scene. Since the main target is for a dynamic



scene, the latter two question {(“Where am 1 going” and “How do | get there?”) becomes
more important. The target of our mobile robot is dynamically changing in both location
can appearance. Additionally, the dynamically changing is not only apply the target, but
also apply to the environment as well. The scene may have occlusion, dynamic
background, and change in lighting. All of which add to the challenge in developing a
navigation system.

Real-time robot navigation development based on geometric property filtering is
our proposed system which is a mobile robot navigation system based on visual tracking
system. In our scheme, we utilized a designated marker which is designed for easy tracking.
There are two approaches explored in this work: One based on Hough Circle Transform
and the other based on Connected Component Detection. In this framework, black circles
which are components of our marker are detected as fast and as much as possible {high
recall} and then we use known geometric properties of the marker to quickly filter out
fault positive circles and keep only the correct ones at the end. Finally, with the detected
marker, the real world position information, relative angle and distance, can be calculated

with acceptable speed and accuracy.

1.2 Research Goal
This thesis is to develop and discuss an approach to mobile robot navigation
algorithm to follow a marked object or person. The main objectives of this thesis are:
1. Develop an algorithm for to mobile robot navigation which can follow a designate
object or person.
2. The algorithm developed must be robust to dynamic environment such as
changing in light and clustered scene.
3. The algorithm developed must be performed in an acceptable speed and accuracy

in a low-computing power setup.



1.3 Hypothesis and Contribution

We suspect that, by usage of the designed marker, we can develop an algorithm
that is robust to light change and can perform in a mobile robot with low computing
power in an acceptable speed and accuracy. The proposed framework is based on
detecting a black and white marker. Since the color in the marker is pure black and white
and we only detect its edges information, the change in global tighting should not degrade
our algorithm. Although, the local lighting may still effect the detection process, it usually
effects most of the algorithm as well as human perception. Thus, we consider the tocal
lighting to be outside of our scope for now.

Furthermore, by using specially desiened marker, we can make use of its chromatic
and geometric properties to help with fast detection. As described, this approach only
detect shape information (circles). We can relax some parameter of the process to make
the detection faster with more false positive elements (circles). Then, we can filter those
false positives by simply test if they follow our desiened marker geometric properties.
Since geometric calculation can be done fast in a computing unit, comparing to image
processing task, we believe that the overall system can perform in an acceptable speed.

Another significant aspect of this research is how we incorporate both image
processing based on geometric filtering and machine learning to help with marker
detection. To classify circle/non-circle, we applied a framework based on Support Vector
Machine and k-Nearest Neighbor. This framework improves the detection accuracy of the
system without noticeable speed penalty.

The main contribution of this work is an approach that can be adopt for building
a navigation system for a mobile robot to follow a designate target. This approach is robust
to light change, clustered environment, and work in an acceptable speed. The navigation
system developed using this approach can be employed on a robot with low computing

unit (as a result, low power consumption).



1.4 Scope of The Study
1. To develop a navigation system for a mobile robot to follow a designate target.
2. To demonstrate that the system provides a sufficient accuracy.
3. To demonstrate that the system can function in a clustered environment and
varying light.
4. To demonstrate that the system perform in an acceptable speed.

5. The algorithm is develop and test on selected hardware describe in the section

1.5 Outline of dissertation
This chapter describes thesis problem and rational behind it. The motivation to
our approach, as well as contributions of this work are also discussed. Furthermore, the
research objects and hypothesis, which describes this work are also provided in this
chapter. The remaining chapters are organized as follows:
Chapter 2 describes relevant research and related theories used in this
dissertation. The chapter starts by describing the robot navigation field as well as
the current state of the art research in the field. The closely related researches are
also discussed in the chapter. Then, the later part of this chapter provides related
theories and techniques to be used in developing of our approach.
Chapter 3 presents our approach to mobile robot navigation. The chapter starts
by describing the hardware setup for a mobile robot to be used in the experiments
in the later chapter. Then, this chapter describes the designed marker, how to
detect it, and how to use the detected information in the navigation system.
Chapter 4 describe experiments which we demonstrate our claims. The system
accuracy, speed, as well as how to calibrate the necessary parameters for a
particular mobile robot.
Chapter 5 summarizes our approach and review advantage and limitation of our
work as demonstrated in Chapter 4. Then, the chapter goes on and discuss some
suggested direction on how to make use of this finding as well as some probable

ways to improve this work.



Chapter 2

Literature Reviews

In this Chapter, we will discuss the current approaches to mobile robot navigation,
as well as provide some basic theories for developing our approach in the next chapter.
The section will started by giving an overview of robot navigation system. Then, each

theory and technique used in this work will be described in details.

2.1 Review of Robot Navigation System

With advances in computer vision, it is now plausible to develop mobile robots
which can interact with environment based on visual cue. The examples of mobile robots
are ranged from Mars rover Curiosity to floor cleaning robot Roomba (see Figure 2.1). While
the Mars rover utilizes Navcam, a navigational camera, and other visual sensors and
algorithms, the floor cleaning Roomba, on the other hand, only just added a low
resolution camera for visual SLAM (see [8] for visual SLAM review) on the recently

announced, top of the line model.

X R Sl - Nl YT
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Figure 2.1 Mars rover Curiosity and the latest floor cleaning robot Roomba® 980

The visual information can be utilized in three main tasks of mobile robot
navigation: 1) localization and mapping, 2) path planning and following, and 3) person or

object tracking and following. Before computer vision, the robot localization and mapping
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is typically done by using laser range finders or sonar transducers which can be costly or
limited accuracy. The path planning and following task can be done by pre-set programs
and some markers (such as black tape on the floor as in BU-MK Robot - see Figure 2.2
left). However, the task of person or object tracking cannot be done unless there are some
kinds of signal produced by the object of interest (still in used today as in a commercial
robot called Budgee™ for example - see Figure 2.2 right).

In navigation, visual cue can be used for localization, building-a map using SLAM
technique, assisting the robot to follow a preset path, or helping to follow an object while
avoiding obstacles. To find the location-of “itself on-a map using visual cue, [9] used
Abstracted Scene Representation (ASR) extracted from images in eight fixed direction
around the robot while [10] used stored panoramic images around the robot as visual cue.
On the other hand [11] [12] utilized direction and distance of recognized landmarks as the
main information for their artificial neuron network system for localization. Another
approach on localization problem based on triangulation algorithm on three detected
landmarks was provided by [13]. Later, [14] developed another triangulation algorithm to
better select landmarks to avoid the problem where landmarks are close together.

In simultaneous localization and mapping (SLAM) [15] mentioned in [16], work by

[17] stated that the types of sensors have been a major driver of new algorithms. With the



recent advance in Computer Vision techniques as well as the 3D cameras, there has been
surge in research in a visual SLAM over the past decade. Work by [18] provided a single-
camera based approach using traditional SLAM while later [19] shifted to FastSLAM for
more computationally efficient. Depth information from camera can also be used for SLAM
to develop a dense 3D model for environment. However, for a mobile robot, the SLAM-
based approaches are typically too computational expensive to utilized.

To follow a path and avoid obstacles, a mobile robot can utilize a monocular or
a stereo-camera with depth information. A path for robot can be programmed, marked,
or set to follow an object (or human). To follow a programmed or marked path, we can
use pre-loaded map and localization techniques or simple markers or both. However, to
follow an object with visual information, we must be able to detect track the object of
interest in an image in real-time {approximately >10 fps).

In the task of object or person following, beside the localization and mapping, the
robot must be able to detect and track the leader, handle leader occlusion, and avoid
static and dynamic environment. In works by [20], [21], and [22], the robot can follow a
person and avoid the cbstacles when the leader always visible {(no occlusion). To handle
occlusion, work by [23] used Hue-Saturation-Intensity (HIS) based patch to detect and
follow the leader. However, there must be no other similar image patches interfered with
the tracking. Work by [24], on the other hand, used depth data and Support Vector
Machine (SVM) based system to detect and verify the leader and utilized Extended Kalman
Filter (EKF) (see [25] and [26] for more information on EKF) to track the leader if the
occlusion occurred.

With recent development of low cost computer such as Raspberry Pl (Figure 2.3
left) or Intel® Compute Stick (Figure 2.3 right) as well as the other low cost computer
board, it becomes possible to develop a mobile robot with low power consumption with
low cost. However, although some of the mentioned techniques may be applicable in the
low computing power environment, it has not been empirical data to support that. Thus,
it is beneficial to implement and test these methods, as well as improve or develop a

new method to make a low-cost, low-power mobile robot available.
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Figure 2.3 Raspberry Pi 2 Model B and Intel® Computing Stick (right)

However, this low cost computer comes with. low computing power. Since most
of the state of the art tracking methods require high computing power, these tracking
methods would not be applicable in this low-computing-powered environment. There are
very limited attempts in this area. One approach [27] makes use of chromatic information
to perform fast tracking. However, the chromatic information is well-known for its
unreliable dues to change in lighting. Another approach [28] [29] [30] is done by tracking
object using MeanShift [31] and the improved CamShift [32]. This approach perform well
in clean background which is not applicable in real world environment.

On the other hand, there are several promising attempt on low computing tracking
in the field of Unmanned Aerial Vehicle (UAV). Typically, attempts.in this field consist of
designed markers and their marker detection algorithm. There are several tracking
techniques in this field. For example, [33] used red and white landing pad (marker) for fast
detection. Although the color information is sensitive to light, this approach has perform
well in their controlled environment. On the other hand, approach by [34] made use of
infrared-lit pad. Again, if we place the landing pad. statically on the ground, it is easy to
control infrared noise. However, for tracking moving objects, there can be a lot of infrared
noise in the background.

There are several attempts which not make use of chromatic or infrared
information, but rather use pure black and white geometric information (shape
information). For example, one approach makes use of a modified version of Hough
Transform [35] to detect ellipse while another approaches utilized an algorithm to detect

connected components [36] [37] [38] in the scene.



2.2 Relevant Theories and Methods

Theories and methods used are for maker tracking which consists of circle
detection along with circle recognizing and pruning. To detect circles, we tried Hough circle
transform and later use Connected Component together with statistical filtering. Then, to
classify what we detected as a circle, we developed an algorithm based on Support Vector
Machine (SYM) and k-Nearest Neighbor (kNN). We will discuss all this techniques, as well
as some geometric background in this chapter. Then, the next chapter will describe how

we apply these technique in our algorithm development.

2.2.1 Hough Circle Transform (HTC)

Hough Circle Transform (HCT) is an adaptation of Hough Transform (HT) which can
be used to find circles within an image (where HT is used to find straight lines - see [39]
for a survey). Our implementation is based on an approach by [40]. To find circles within
image, we create a grid of discrete range of circles and see how many foreground points,
typically a result from edege detection, fall into each circle in the erid. The local maximums
of voting are classified as circles. To create this erid, we start by describe a circle using

parametric equation

x = a + Rsin(8) (2.1)
y = b + Rsin(8) (2.2)

Thus, a tribble (a, b, R) describes a circle. If we use the Hough Transform directly,
we have to process all the pixel and put them in 3D erids of (a, b, R} which can be
computationally expensive, The work by [40] reduces the grid dimension from 3D to 2D

by consider only the center grid, grid of (a, b), first.

2.2.2 Connected Component Detection

Connected component detection (see [41] for more information) is an algorithm
which is an application of graph theory. Each connected component is uniquely labeled
based on a given heuristic. In this detection, the input image is viewed as a graph where

each pixel is a vertex. An edge between two pixels is defined if two pixel are adjacent.
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Connectivity can be 4-connected or 8-connected based on whether or not we define an
edge from diagonal adjacency.

There are many approaches to the connected component detection. Two-pass
version [42] is shown as in Algorithm 2.1. The general idea of this approach is to raster
scan, scan from left to right from top to bottom row), and perform two tasks: 1) label each
pixel with the smallest number of label available or from the other connecting pixel and
2) record the label of any labeled connecting pixel to be changed in the second pass.
Then, in the second pass, we simply replace the label to be change with the smallest

number in the group.

Algorithm 2.1 Two-pass connected component labeling [42]
First pass:
1. Process all pixel from left to right and top to bottom (raster scan)
2. If the pixel is in the area of interests (foreground pixel)
2.1, Get a label from a labeled neighboring pixel
2.2. If found one, assign it to the current pixel
2.3. If there is no available neighboring label, create a new and unigue label to
assign to the current pixel.
2.4, If there are more than one label from neighboring pixels, store them as a
pair of equivalent labels.
Second pass:
1. Perform the raster scan one more time
2. If the pixel is in the area of interests

2.1. Relabel the current pixel with the lowest equivalent label

2.2.3 Otsu Thresholding

In computer vision and image processing, the Otsu thresholding or Otsu’s method
[43] is a process of image thresholding which perform automatically (we do not have to
manually choose the threshold value). It reduce a grayscale image to a binary image. The

algorithm assume there are two classes of pixel in an image. The optimal threshold is
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automatically compute by minimize their intra-class variance. An algorithm in Otsu’s

thresholding exhaustively search the threshold by define a weighted sum of variances of

the two classes as

05(1) = wo()og (1) + w, (1) (7) 2.3)

where g are the weights of the probabilities of the two classes, T is a threshold to
separate the two classes, and ag;l are variances of the two classes.

The class probability wg 1(T) can be computed from the L histogram:

-1
wo(T) = p(i) (2.4)
ws(D) = ) p(D) 25

where p(i) is a probability of the pixel i.
A paper by Otsu [43] shows that minimizing the intra-class variance is equivalent

to maximizing inter-class variance:

o5 (1) = 0% — 03 (1) = woto — pr)® + wiluy — ur)? (2.6)

= wo (w1 () [ue(r) — 17 (7)] 2 (2.7)

where class probabilities w and class means g is expressed, while the class mean iy 1,7(7)

is:

i=0 @o
L-1 .
i
() = % (2.9)
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t—1

pr = Z ip(i) (2.10)

i=0

where, from Eq. 2.8-2.10, we can verified that:

Wollp + Wity = U (2.11)
wo+w =1 (2.12)

The class probabilities and the class means can be compute iteratively by algorithm 2.2.

Algorithm 2.2 Otsu’s Thresholding
1. Compute histogram and probabilities of each intensity level
2. Set up initial w;(0) and w;(0)
3. Step through all possible threshold 7 = 1.. maximum intensity
3.1. Update w; and u;
3.2. Compute o7 (1)

4. The optimal threshold 7 is the one that maximize o (7)

The Otsu’s thresholding performs well if the input image exhibits bimodal
distribution and there is a sizable mean difference between the two classes. However, if
the size difference between two classes is large, the Otsu’s thresholding may be confused

by the large variation of the larger class.

2.2.4 Morphology

Morphology is a filter taken from a Mathematical theory. Originally, it is invented
to operate on binary images and later improved to handle grayscale. However, this section
will be discussed operations on binary image only. The morphology is an operation which
take two operands: an input image and a kernel. Both input image and the kernel are
binary image. The kernel image can be of any shape where the cover area of the kernel
are typically represented by pixels of value 1. Some fundamental morphology operations

are:
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Dilation

In image processing, dilation refers to an operation to dilate, expand, the areas of
interests. Given a binary image of 0’s and 1’s and a kernel which is also a binary image. In
the dilation process, the kernel will be centered on every pixel in the given image. Then,
if the center pixel where the kernel placed is 1, all the pixels in the resulting image cover
by the area of the kernel will be set to one.

After dilation, the area of interests will be larger (see Figure 2.4 for illustrated
example). The expanded corners will be round. One example of dilation application is

finding edges of the given image by subtract the dilation result with the original.

Erosion

Erosion is a process to-make the area of interest thinner. This process is popular in
the area of Optical Character Recognition (OCR) for thinning character images. Erosion
process is done by centering the erosion kernel onto every pixel of the given image. A
pixel at the center will be given a value of one only if every pixel from- the given image in
the area of interest of the kernel are all 1’s.

The erosion makes the area of interest thinner as illustrated by Figure 2.4 on the
right. It preserves sharp corners, However, sometimes it can disconnect the area of interest

in the given image which may or may not be the desired effect.

Figure 2.4 examples of dilation (left) and erosion (right)
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Opening

Morphology opening is a process where we apply erosion and then dilation on the
given image. By doing so, the erosion process will remove some connected lines or thin
strips between large areas. Then, the dilation process will expand the large areas back to
its original size but the thin-line connection will not be recovered. In our detecting
algorithm, we use this process to remove a thin connection between two circles which
sometimes appears from the result of motion blurring.

Closing

Morphology closing is done by applying the dilation on the given image first, then
apply the erosion. By this process, the thin connection will be made visible. Some

disconnected lines can also be joined together using this process.

2.2.5 Support Vector Machine (SVYM)

Support Vector Machine (SVM) [44] is a parametric classification tool widely used
in computer vision and pattern recognition. Originally, SYM was developed for separating
two classes by finding an optimal hyper-plane which maximizes the distance/margin
between the two classes (see Figure 2.5 for an illustrate example). In a simple case where
the two classes are linearly separable, the hyper-plane chosen by SVM is the one that
maximizes the distance between the closest points (the support vectors) from both
classes to the hyper-plane. Thus, given m training data, {(Xm, Vm)Im € {1,.., M}, ¥ €
{~—1,1}}, the linear SVM classifier can be defined as:

flx) = (z aiyixi) x+b (2.13)

t

where {x;} is the set of support vector, @ = ¥, a;yx; is the optimal solution and b is

determined by solving

2
w
max I 2” (2.14}
i3]

subject to y;(wx; — b) 2 1.
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Figure 2.5 Support Vector Machine example.

However, in the general case where two classes are not linearly separable, a new

constraint, & > 0 is added. The objective function becomes:

fwll®
max +C ) g (2.15)
N :
3
subject to y;(wx; — b) = 1 — €, where C is a parameter to be set during training.
In order to use SYM for multi-class classification, we can take the “one-against-
one” approach [45]. Thus, if k is the number of classes, then k(k —1}/2 classifiers are
constructed by training with data from two classes. Then, the final prediction is the class

tabel with the maximum number of votes.

2.2.6 k-Nearest Neighbor

The k-Nearest Neighbor (k-NN) is a non-parametric method which classifies objects
by examining the closest k training samples in a feature space. Then, the class label of
the input object is determined by the voting of the labels of the k nearest neighbors (see
figure 6 for illustrated example). Two choices of parameters for the k-NN method are k

and the distance metric which are typically determined by training samples. In a simple
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case where k=1 and Euclidean distance is use, the class label of an unknown observation

X is identified as that of Y which computed by,
Y = miin(llX - Yll2) (2.16)

where Y; are the data from the training set and ||.||» is an L2 norm or the Euclidean
distance.

In the Figure 2.6, an unknown input * is classified as an o by k nearest data from
the training set. When k = 1 (inner circle), there is only one example which is 0 so the
unknown input is classified to be 0. When k = 3 {middle circle), there are three examples
from the training set which are two 0’'s and one x. By voting, the unknown input is
classified to be o in this case. Similarly, when k = 5 (outer circle), there are four 0’s and
one x which make an output o wins by voting. Note that the value of k is typically chosen

to be odd so we do not have a tie in voting.

Figure 2.6 k-NN example

2.2.7 Classification Framework based on Support Vector Machine and k-

Nearest Neighbor

This classier framework is based on work by [46]. In this work, an input is classified
by multiple SVM to generate a vector of prediction first. Then, the vector of prediction is
classified to get a predicted class using k Nearest Neighbor. Figure 2.7 illustrate motivating
example of this framework. In this example, there are only two classes: A and B. However,
within each class, there are three subclasses which are closer to the other class than theirs

owns, If we only use one boundary to separate the class A and class B, we must use non-
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linear boundary (see Figure 2.7 left for example). On the other hand, if you use three SVMs

to separate each subtype of data. Let us define them as SV M, for the triangle type, SVM,,

for the pentagon type, and SV M, for square type. We can use linear boundary for each

label.

SVM,

Figure 2.7 Motivating example of classification framework bases on SVM and k-NN

However, the prediction of the other subclasses can-be of incorrect values as

shown in Table 2.1. This table can be our tookup table (as in k-NN) for an unknown value.

Each row of this table makes up a vector of prediction. Thus, if a. new.input produces a

predicted vector as (A4, B, A), from the three trained SVM’s in the this example, the

predicted class of this input would be B Square, which can classified to be B in our two-

class system.

Table 2.1 Data prediction by three trained SYM’s

Input class and subclass

Predicted class tabel by

SVM, SVM, SVM,
A Triangle A B B
B Triangle B A A
A Square B A B
B Square A B A
A Pentagon B B A
B Pentagon A A B
07841
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This frameworks is demonstrated in [46] that it has benefit of speed and accuracy.
The speed of prediction time compose of two steps, prediction time of SVM and k-NN.
When using the k-d tree, a space-partitioning data structure for organizing points in a k-
dimensional space, the prediction time of k-NN is O(kd log{(n)) [47], where d is the
dimension of the input, which is the number of subclasses in this case. The prediction
time of SVM is 0(d). Thus, the combined complexity is O(dn + dt + tn) where t is the
number of SVM.

The accuracy of this framework has been tested comparing to another two
systems. The first one is a system with one linear SVM where all subclasses are combined
into one class (combined in Table 2.2). The second system is a systern with voting SVM
where the final prediction class is determined by voting of all SYM from each subclasses
(voting in the Table 2.2). All the SVM in this comparison are linear SYM with maximum of
100 iterations with 10 tolerance error. The dataset used in this evaluation are Thai
characters images of 16x16 pixel made available by NECTEC (accessible via
http://www.nectec.or.th/corpus). The image are acquired from books, journals, magazines,
and newspapers by scanning and cropping. There are three different subset within this
dataset. First, the training set contains 146,640 images. The second is the validating set
contains 117,312 images from the same sources as the training set (but not the same
images). Lastly, a testing set acquired images in the similar manner (scanned and cropped)
but from different sources. The framework we use in our system (SVM+k-NN in the Table
2.2) shown better accuracy when comparing to the other two. Even in the testing set of

unfamiliar images. The chosen framework reported the highest accuracy.

Table 2.2 Accuracy comparison of classification frameworks

Evaluation SVM+k-NN combined voting
Training set 99.78 93.58 85.89
Validating set 97.13 92.24 85.13
Testing set 89.09 87.54 78.63
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2.2.7 Projective Geometry

The projective geometry is used to model a camera. This model represents a
pinhole camera (Figure 2.8) where rays of light from object pass through a single pinhole
to make imprints on a film which represent an image plane. In this process, we map 3D
world onto 2D image plane with the following properties:

1. This is a many-to-one mapping. All points in a single line passing through
the pinhole will be mapped onto one point in the image plane.

2. Each point will be mapped to a point, except the focal point - a point at
the pinhole.

3. A line will be mapped to a line. In another words, three co-linear points
will be mapped to three co-linear points in the image plane. Unless the
co-linear points belong to a line passing through the pinhole which will be
mapped-to a point.

4. ‘A plane will be mapped to a plane (or half a plane) unless it passes the

focal point. In that case, a plane will be map to a line.

object barrier film

Figure 2.8 Pinhole camera

To setup a projective geometry for a camera, we move the image to the front of
the focal point (Figure 2.9). In this setup, we have C as a camera focal point which will be
an origin in the real-world coordinate. The point P is the origin of the image plane. The
length from € to P is called a focal length which usually represent by f. A principal axis,

Z-axis, originate from € and point in the direction of P. X-axis and Y-axis are horizontal
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and vertical axises. Typically, we represents coordinate of a point within the image plane

with small letter x and y.

AN
principal axis

camera

cenwe image plane

Figure 2.9 Projective geometry

Given a point in 3D-world coordinate is represented by (x, ¥, 2) maps to a point

(x, ) in the image plane. From similar triangle property, we have:

Y (2.17)
X zZ
and

(2.18)

bl 0
|
N

X JY o
Thus, a point at (x,y,z) will be mapped to (f?,f?) However, the division by z
complicates the calculation. Therefore, we usually adopt Homogeneous Coordinate

System to get rid of the complication.



Chapter 3

System Design and Specification

In this chapter, we will discuss a development of the proposed Visual Based
Navigation System. We will start by describing our hardware setup which consist of low-
computing power unit. Then the information and geometric aspect of the designed marker
is provided. After that, our approach for the marker detection is given in detail. Lastly, the
framework for calculate turning angle and distance from the marker to the camera
attached to the mobile roboet is-described along with the process of how to calibrate its

parameters.

3.1 Hardware and Software Setup

The hardware setup, as illustrate by Figure 3.1, consist of Raspberry Pl 2 Model B+,
PICAM, two motors and a servo with their driver, a 5V power bank. Note that we do not
use the servo in our navigation system since it would complicate the angle calculation. In
this setup, Raspberry Pl is the main computing unit. It takes a picture input from PiCAM
camera. Then, the computing unit detects and computes the real-world location of the
marker. Finally, the attached motor is controls by the Raspberry Pl according to the

computed information.

PiCAM

Motor Driver

Power Bank

Figure 3.1 Mobile robot for testing
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In our setup, the main computing unit is Raspberry Pl 2 Model B+ (see Figure 3.2).
The main storage used in this model is the push-push micro SD memory card. This model
of Raspberry Pl contains 4 USB 2.0 ports. It has 40 GPIO pins which are arranged as Figure
3.3. Although the GPIO can be used to drive our motors directly, we decided to control

our motors through driver.

use

Figure 3.2 Raspberry PI.2 Model B+
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Figure 3.3 GPIO pin diagram

To take image input, we make used of Camera Module of Raspberry PI which can
be attached using Camera Serial Interface (CSI) as shown in Figure 3.4. This module has a
small size of 25mmx20mmx9mm and weight approximately 3 grams. It has native
resolution of 5 megapixel and has a fixed focus lens onboard. In our setup, we use it to

capture 640x480 images sequence.
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Figure 3.4 Attached Camera Module

3.2 Visual Tracking System

The flow of visual tracking system start by retrieving image from PICAM. With the
scene image, we detect candidates for circles using either Hough Circle Transform or
Connected Component Detection. algorithm. Then, the detected circle candidates are
filtered out by series of filtering to obtain only strong candidates as describes in Section
3.2.1. After we have strong candidates, we will attempt to group them to form a four-
circle of our marker as deseribes in 3.2.2. Then, with location information of the marker
and its circle components, we can.recover relative distance from the camera unit to the

detected marker as described in 3.3,

Marker Detection Coordinate Recovery Control System
- Obtains scene image - Compute distance & - Left/right motor
- Detects circles direction control

- Recognize the marker

Figure 3.5 The overall process of marker detection
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3.2.1 The Designed Marker

Our marker is designed for fast and easy detection in complex scene with complex
lighting. It consists of four black circles on white background as illustrated in Figure 3.5.
The marker can be of any size, as long as we keep the following ratio. Given that the
maker is a white square of size 8x8 units, there will be four black circles within the squire.
If the corner of the square is a coordinate (0,0), their centers are placed at (2,2), (2,6), (6,2),
and {6,6). In another words, the four centers of these circles will form a square of 4x4 units
in the middle of the marker. The radii of the circles, starting from top right and goes clock-
wise, are of length 2.5, 1.5, 2, 3 units. Thus, for searching, we can look for a set of circle
with ratio 3:4:5:6. Notice that ratio of any two radii are unique. Thus, if we only detected
two circles, this unique ratio will allowed us to infer that which two circles are detected
which in turn allowed us to predict where to find the rest of the circles.

This design allows us to easily search for circles within the marker. We can utilized
Hough Circle Transform for precision. On the other hand, we can search these circles using
Connected Component search together with filtering for fast detection. Our approach for
detecting these circles along with how to filter out non-circle will be given later in the

Section 3.2.3.

Figure 3.6 The Designed Maker
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3.2.2 Circle Detection

There are two schemes that we explored for circle detection: Hough Circle
Transform and Connected Component detection. The Hough Circle Transform must be
performed on the grayscale version of the scene image. When using Hough Circle
Transform, we relax its parameters to discover more candidate circles in attempt to
maximize our change of detecting the circles in our marker. Despite the parameters
relaxation, the precision of Hough Circle Transform is still higher than the Connected
Component Detection approach. However, the speed of detection of Hough Circle
Transform is comparatively slower. As illustrated in Figure 3.7 (left), the relaxed Hough
Circle Transform has detect a lot of false positives. We have to take an extra step to filter
unlikely candidate before the next process.

To apply Connected Component Detection, we first take a.scene image, convert
it into grayscale, and then perform Otsu’s Thresholding as itlustrated in Figure 3.8b. Then,
before applying the Connected Component Detection, we perform morphology opening
as resulted in Figure 3.8h. Finally, after the connected components has been detected,
we perform Bounding Box Ratio Filtering by filter out the circles with their bounding box
are not close to sguares (hence, not likely to be enclosing circles). This can be done by

filter out any bounding box with

Figure 3.7 Result of Hough Circle Transform and Black Circle Filtering.
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To apply Connected Component Detection, we first take a scene image, convert
it into grayscale, and then perform Otsu’s Thresholding as illustrated in Figure 3.8b. Then,
before applying the Connected Component Detection, we perform morphology opening
as resulted in Figure 3.8b. Finally, after the connected components has been detected,
we perform Bounding Box Ratio Filtering by filter out the circles with their bounding box
are not close to squares (hence, not likely to be enclosing circles). This can be done by

filter out any bounding box with

width
height

lower_bound < < upper_bound (3.1)

where width and height are width and height of the bounding box, lower_bound and
upper_bound are parameters to be set. In our experiment, lower_bound and
upper_bound are set to be 0.9 and 1.1 respectively. Furthermore, the bounding box
which are too big or too small are filtered out in this step. The result of this filtering step
is illustrated in Figure 3.8d.

For Both Hough Circle Transform and Connected Component Detection
approaches, we have to perform Black Circle Filtering by filter out non-black circles as
they are unlikely to be the marker circles. One way to validate that we have a black circle,
we can average all intensities of pixels within a detected circle and verify if the computed
average is lower than a particular threshold. However, for speed consideration, we can
randomly pick a few points within a circle to compute this average intensity. Thus, our

black circle filtering can be done by

n : 7 .
i, intensity (p;) <1 (3.2)
n

average =

where n is a number of point picked from the circle {only 5 points are sufficient enough
in our experiments), p; are points in the circle, and 7 is the intensity threshold. This

approach is sufficient since there is not many pure black circtes in nature (see Figure 3.8d
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# ;.'.' 7 ; y
Figure 3.8a Complex scene with the marker Figure 3.8b Scene after Otsu’s thresholding

Figure 3.8¢c After morphology opening Figure 3.8d Detected connected components

Figure 3.8e. After black circle filtering

Figure 3.8 Connected Component example

and Figure 3.8e for illustrated results). However, if some stray black circles appeared, we
can filler them out in the later stage.

After the black circle filtering, we apply the prediction framework based on Support
Vector Machine and k-Nearest Neighbor [46] in order to improve circle detection accuracy.

In the training process, we have two classes: circle and non-circle. In the circle class, we
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separate them into 4 subclasses by their size. Then, the non-circle image are randomly

taken from the scene.

3.2.3 Marker Recognition

After we have likely candidate for the marker circles, we perform Adjacency
Filtering. As in our markers, the four circles are placed close to each other, Thus, we will
consider only a set of two, three, and four black circles that are not too close or too far
from each other (given mathematically in Eq. 3.3). This can be done by finding a set of
two, three, or four connected component in a graph where each circle is a node. To
construct the graph, we connect any two nodes if it lies within the following criteria: 1)
Since the closest two circles in our marker are of size 2.5 and 3 inches placed 3 inches
apart. Thus, we can connect two detected circle if they are not closer than the diameter
of the larger circle. 2) However, if the two circles are in our marker, it must not be too far
apart. The farthest two circles, in relative to the diameter of the larger circle, is the space
between a circle of size 1.5 and 2 inches with 3 inches apart. Thus, we can filter out if the
two detected circles are placed apart for more than 1.5 times of the diameter of the larger

circle. Thus, we can connect any two circle if
2% diGGiarge — Tiow < dist £ 3 # diygrge + Thign (3.3)

where dist is the distance between the two circles, diag;arge is a diameter of the larger
circle. The Tyqy, and Tp;gp are positive real number which are tolerances to relax condition
to compensate for the detection error. After the graph is constructed, we search within
the graph for a set of connected 2, 3, or 4 circles and consider these to be our candidate
for the marker.

Next, we perform Four Corners Filtering. This filtering utilizes known geometric
property of the marker. For all the connected circles, if they are connected in a group of
three and four, we can test whether or not these groups are in our marker or not by
checking if the corner(s) formed in a particular group are close to 45 or 90 degrees or not.
Given three center points of any three circles in the group, ¢4, €3, and ¢3, we can compute

an angle at ¢4 by



29

(CZ - Cl)(c3 —Cq)
e, — clllez — el 5.9

@ = arccos

where 6 is the angle at ¢;. The computation can be repeated to compute an angle at
C3 or cg. If there is an angle too far from right angle or half of the right angle, in the case
of diagonal lines, we can filter out some of these groups of circles.

To further guarantee that the group of circles we detected is our marker, we
perform Diameter Ratic Filtering. Since the four circles in our marker is of ratio 3:4:5:6,
which is not typically occurred in nature, we can filter out a set of four circles that are
not following these ratio. If only three circles are detected, the possible ratios are 3:4:5,
3:4:6, 3:4:6, and 4:5:6. On the other hand, if only two circles are detect, there are six
possible ratio which are 3:4, 3:5, 3:6, d:5, 4:6, and 5:6. Thus, we can filter out any group
of circles not following these ratios. Note that since the diameters of the detected circles
are subject to some error, we need to have some torrent relax the require ratio of these
circles.

Lastly, we perform The Third and The Forth Circle Verification. If there are
three circles which there centers, (¢4, ¢4, €3), from a triangle with approximately 90, 45,

and 45 degrees in corners, we can compute the location of the forth circle by

cp=c¢rt (6 —e)+(c3—¢1) (3.5)

given that ¢, is the corner with 90 degrees.

If only two circles are detected, we have six conditions for searching. The six
conditions are judged by considering the ratio of radii of the two detected circle. If we
place the smaller circle on top, the larger one on the bottom and if we found the ratio
of 3:4 or 4:6 we can search to the left of both circles (see Figure 3.9). If we found the ratio
of 3:5 or 5:6, we must search on the left of both circle. On the other hand, if we found
the ratio of 3:6 and 4:5, we must search along the diagonal line perpendicular to the line

between the two centers. Again, after we found the third and the forth location, we can
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3/

Figure 3.9 direction to find missing circles

apply Black Circle Filtering on the location to ensure that we have the third and the forth
circle.

Although some calculation can be performed if only an isolated black circles are
detected, we consider it to be too computational expensive to do so. Thus, the marker

detection is considered to be a failure in this case.

3.3 Application to Real-time Navigation System

In order to control the robot according to the detected marker, we calculate real
world coordinate from two pieces of information: center of the detected maker and
distance between two detected circles. The reason why these information were chosen

is discuss in Chapter 4. The calculation of real world distance is as follow.

3.3.1 Distance Detection

In this calculation, we have d asa distance between two detected circles, D is a
distance from camera unit to the marker, f as a focal length of the camera, and s as an
actual distance between two circles in the marker as illustrated in Figure 3.10. By using

property of similar triangle, we can say that

Q| w

=
f
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which can be written as

fs (3.7)

Since the focal length f and the distance between two circles in the marker s are

fixed, we can combine them as k. The last equation can be written again as

_k (3.8)
= d

In theory, k can be calculated from known camera parameters and known marker
sizes. However, for practical purpose, we can simply estimate k by measure the actual

distance from the camera to the marker, D, and the distance between two circles in the

detected marker, d (in pixel unit).

\ d=~ :
\ i image plane

Figure 3.10 Distance calculation variables

From equation (3.8), we can estimate k by

k=Dxd (3.9)
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In our calibration, we vary the distance D from the camera to the marker in the
step of 5 inches from 10 to 30 inches. Then, since the previous experiment demonstrate
that the circle size detection is more accurate, we decided to measure d by the detected

size of the largest circle. As show in Table 3.1, we estimated k to be 857.

3.3.2 Angle Detection

To calculate angle, we need the distance dx between the center of image and
the center of marker in image plane as illustrated by Figure 3.11. Note that we do not
need the real-world distance D from the camera to the marker and the real-world distance

t from the center line of the camera to the center of the actual marker in our calculation.

Table 3.1 Calibration distance

D (inches) d (pixels) D xd
10 85 850
15 57 855
20 43 860
25 34 850
30 29 870

average 857
b A
0
' dx ; image plane
\\/\:\Sﬂé

Figure 3.11 Angle calculation variables
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To caleulate the angle 8, we can divide dx by f to get the arctan by the following

calculation:

dx
g = arctanT (3.10)

Since each camera has a fix focal distance f, each angle theta would be a result
from the same dx. Thus, rather than calculating the arctan, we can simply map values
of dx to angles 6. For example, from our measurement, if the dx is measured to be 50,
we can approximate the current theta to be 5 degrees.

Although we can recover f, in pixel unit, by,

dx

. (3.11)
tan @

f

which allow us directly calculate the @ using arctan. However, since calculating arctan
can be expensive, we can alternatively measure and map a range of dx to a range of theta
and use some simple interpolation to calculate the theta value in between. For example
frorn our measurement, we approximated that dx = 50 pixel maps to 8 = 5 degree and
dx = 100 pixel maps to & = 10 degree. If we measure dx to be 70 pixel, we can
approximate @ to be 7 degree using linear interpolation.

In this calibration, we are to map the detected dx to the angle 6 and interpolate
the missing values without using arctan. However, we also calculated f using the Eqg. 3.12
to verify that we have approximately the same values. From the data shown in Table 3.2,
the focal length f can be estimated to be 604 pixel. if we detected the x distance between
the image center to the center of the largest circle in the marker, dx, to be 50, 103, 169,
and 229, (the average values) then we can estimate the theta to be 5, 10, 15, and 20
degrees respectively. Hence, if we detect the dx to be any other value between 0 and

686, we can estimate the theta using linear interpolation by

dx — dx;

t (3.12)
dxH_l - dxi

6 =0;+ (6141 — ;) *
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where dx; < dx < dx;, and dx; where i=0..5 are 0, 50, 103, 169, and 229 respectively,
and 8; where i=0.5 are 0, 5, 10, 15, and 20 respectively. Note that we only need to
calibrate up to 20 degrees since the angle greater than that will placed the marker out of -

the field of view (FOV) of the camera.

Table 3.2 Calibration angle

g dx (pixel) f
{degree) D=10 ] D=15 | D=20 | average | D=10 | D=15 D=20
5 48 51 51 50 549 | 583 583
10 100 | 103 | 107 103 567 | 584 607
15 163 | 167 | 176 169 608 | 623 657
20 224 | 236 | 226 686 615 | 648 621
average f = 604




Chapter 4

Experimental Results and Analysis

To illustrate how well our idea performs, we conducted a series of experiments to
point out several benefits and limitations to our approach. First, we will start by describing
two datasets used in these experiments. Then, with the dataset available, we empirically
evaluate our tracking system in two perspectives: speed and accuracy. The latter part of
this chapter provides examples of how to apply our proposed method to the real-time

navigation system.

4.1 Dataset

There are two datasets used in our experiments. The first dataset composes of
image sequence of a complex scene as show in Figure 4.1. There are 100 images of size
640x480 pixel in the dataset. Within the scene, there are clusters of black and white along
with several other color which make detection comparatively challenging for most
algorithms (color tracking and MeanShift/CamShift tracking would fail in this case). There
are also changes in lighting within the scenes. Also, the marker appeared in the scene can
be very different in size which makes the search space larger. The complexity of the scene,
the change in lighting, and the size variation slow many algerithms down, including Hough
Circle Transform. Within the sequence, there are some interval where the marker moves
very fast and causing motion blur. Furthermore, there are some brief interval where the
marker moves out of the scene.

For the section dataset, we took 100 images of size 640x480 pixels from 5 different
locations where scene complexities and lightings are noticeably different. For each
location, we have 10 positive images (images with makers) and 10 negative images (images
without a maker). Example images are illustrated in Figure 4.2 where top five are positive
images. The positive images are taken with known distance and angle of the marker. These

images will be used in Section 4.3 to evaluate the accuracy of distance and angle

detection.
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Figure 4.1 Examples of scene images from the first dataset

4.2 Visual Tracking System

The main function of our proposed system is to produce fast and accurate marker
detection such that the navigation unit could recover real world location correctly and
efficiently. Thus, we performed two empirical studies in this section: one for accuracy and

one for speed.

4.2.1 Accuracy Performance

In this experiment, we track 100 frames of image sequence to measure reliability
and accuracy of our propoesed algorithm. Results of tracking using Hough Circle Transform
is illustrate in Figure 4.3, Note that the six frames-with missing ground-truth are the ones
where our marker is not visible in the scene. Out of 100 frames, our tracking scheme with
Hough Circle Transform have missed 6 frames. If we carefully examine the ground-truth in
Figure 4.3, we can see that the missing detection may have caused by abrupt change in
y-position of the marker. This can be caused by motion blur of the marker image (see

Figure 4.4) which makes circle detection more difficult.



Figure 4.2 Examples of scene images from the second dataset

37
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Figure 4.3 Ground truth and predicted values of center (x, y) and size of the largest

circle in the marker from Hough Circle Transform approach
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Figure 4.4 Example of motion-blurred image.

The average error of center position detected is 1.02 pixel and the size of the
largest circle detected is off by approximately 0.51 pixel in average. The maximum error
of size detection is approximately 5.6% of the actual size. Thus, the size information seems
to be more reliable for approximate distance from the camera to the marker comparing
to the marker center detection. On the other hand, the error in the marker center
detection appears to be higher and the maximum error is also reported to be around 8%
which is also higher than the maximum error of the size detection. Even though the error
and the maximum error is higher, we suspect that the distance between detected circles
can also be sufficiently used as an input for the distance approximation.

The results of our tracking method with Connected Component Detection are
illustrated by Figure 4.5. Qut of 100 frames, the Connected Component approach only
missed 1 frame. The missing frame contains image of the marker when it is about to leave
the scene causing the Otsu’s thresholding to perform poorly. Apparently, this approach is
more robust to speed of the moving marker. This may be the result of the morphology
opening which make two circle separate. As shown in Figure 3.8b, the motion blur cause
Otsu’s thresholding to join the two large circles in the marker. Then, the morphology

opening make them separate again as in Figure 3.8¢.
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Although the average error of largest circle size detection (Figure 4.5) is
approximately 1 pixel, we still have some large error around the frame 50 and 65 where
the marker moves quickly. Thus, the circle size would not be as reliable comparing to the
case of Hough Circle Transform approach. On the other hand, the predicted position of
the center of the largest circle also has the average error of approximately the same as in
Hough Circle Transform case. Thus, we suspect that the center prediction from this
approach would be sufficient enough as an input of distance approximation.

In comparison, as shown in Table 4.1, Hough Circle Transform provides higher
accuracy. However, with the fact that the Hough Circle Transform missed 6 frames while
the Connected Component Detection only missed 1 frame, we can conclude that

Connected Component Detection approach is far more reliable for tracking.

Table 4.1 Average error and standard deviation of center and size predictions

center-predict size-predict
missing
error error
stdev stdev frames
{pixel) (pixel)
Hough Circle Transform 1.02 0.82 0.51 0.64 6
Connected Component Detection | 1.01 0.79 0.91 0.89 1

4.2.2 Speed Performance

For speed calculation, we experimented the two approaches, Hough Circle
Transform and Connected Component Detection, on Raspberry P! 2 Model B+. In order to
accurately measure the speed performance, we do not take images from camera but
preload all images into memory first. Thus, in each loop, we only measured the time for
pre-processing and actual marker detection. For both methods, we adjusted parameters
in two manners. One is to maximize the accuracy and the other is to maximize the speed.

For the Hough Circle Transform approach, the highest accuracy we achieved is
missing 6 frames while calculating at the speed of 6 frames per second. On the other
hand, we can we can raise the speed of this approach to almost 10 frames per second

with acceptable accuracy (16 frames of missing detection). On the other hand, The
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Connected Component Detection achieved around 6 frames per second while missing
only 1 frame. After some parameter adjusting for speed, we can achieve approximately
12 frames per second while missing only 4 frames. Note that more we cannot achieve any
noticeably higher speed by from this approach by adjusting parameters. Thus, even though
the Hough Circle Transform approach gives more precise location and size information,
when it comes to speed performance, as well as detection accuracy, this approach is

inferior to Connected Component Detection.

Table 4.2 Speed performance

High Accuracy Setup | Low Accuracy Setup

FPS Missed FPS Missed
Hough Circle Transform 2.54 6 9.71 16
Connected Component Detection 6.13 1 12.58 4

4.3 Result of Application to Real-time Navigation System

Lastly, we apply our proposed algorithm in the scenes captured from five different
real-world locations as described in Section 4.1. We use Connected Component Detection
scheme with limitation of 0.9 to 1.1 aspect ratio. We use 5 points black circle evaluation
to evaluate the scenes. These scenes are complex, dynamic, and varied in lighting. There

are two experiments in this section: marker detection and distance/angle calculation.

4.3.1 Rate of Detection
The first experiment was done to measure detection accuracy on 100 images

where 50 of them are positive images and the other 50 are negative images.

Table 4.3 Detection rate,

TP TN FP FN

Detection rate (frames) a3 49 1 7
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As shown in Table 4.3, the resulting accuracy provides 43 true positives (TP), 49
true negatives (TN), 1 false positive (FP) and 7 false negatives (FN). There are 8 frames
incorrectly identify in this experiment comparing to only 1 frame in the previous
experiment. This is to be expected since from the complexity and dissimilarity of the
scenes.

In Figure 4.6, we show an example of one false positive and one false negative
image along with their Otsu’s thresholding results. The fault positive image (Figure 4.6 top)
is a result of black cluster near the marker {(shown in Figure 4.7 top-right). There is possible
to eliminate this type of error by trying to narrow our search parameter such as aspect
ratio. However, the performance from Table 4.3 should provide sufficient accuracy for the
mobile navigation task.

The fault negative image (Figure 4.6 bottom) is a result of two conditions. First, the
image is blurry due to focusing issue which make it hard to find the circle boundaries.
Second there are light sources in the scene which make the capturing pixel appear very
bright comparing to the rest of the scene. These problems can be lessen if we use better
camera with faster focus or an adaptive thresholding algorithm. However, the better
camera would require more power and the adaptive algorithm would slow down the
speed.

Figure 4.7 provides examples of robustness of the proposed method. Our
proposed method can positively detect the partially-shadowed marker (top-left), the
bright maker with shaded background (top-right), the shaded marker with bright
background {middle-left), the indoor maker with bright light source (middle-right), and the
low-light, indoor marker with bright area (bottom). All of these scene are complicated with
a lot of black clusters. Thus, the reported 92% accuracy from these scenes demonstrates

the robustness to light and scene complication of our proposed method.
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corresponded pre-processing imaged.

4.3.2 Distance and Angle Computation

In the second experiment we computed distances and angles of the marker using
the process described in the Section 3.3. As mentioned in the Table 4.3, we have 43 true
positive images for this calculation. Asa result, shown in Table 4.4, the distance detection
contains an average error of 1.41 centimeters with standard deviation of 1.24. Considering
the actual distance is approximately varying from 45to 67 centimeters, the average error
is computed to be at most 3% of the actual distance. For angle detection, the average

error is 0.79 degrees with standard deviation of 0.58 while the actual angles are varies

from 0 to 45 degrees.
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Figure 4.7 Examples of true positive in various lighting-and complicated scenes

Table 4.4 Detection error and standard deviation of the error

standard deviation

error
Distance (cm) 1.41 1.24
Angle (degree) 0.79 0.58




Chapter 5

Conclusion and Future Work

This thesis offers studied of an improved approach to an automatic navigation
system based on visual information. This work utilized geometrics information which are
shapes, position, and ratio of shapes, in order to allow fast detecting and filtering. The
marker is carefully designed for fast and accurate detection. The general approach for
detection can be describes follows. First, we utilized any fast circle detection with high
recall since the system can quickly handle false positives while false negative can cause
the system to miss the marker. Then, the system makes use of the known geometric
properties of the marker to filter out any falsely detected circles in sufficient speed.

With the detected marker, we can calculate relative turmn angle and distance
between the attached camera and the marker in sufficient accuracy and speed. To give
empirical evident, we perform the detection on clus’gered scene images with and without
marker. Out of 100 frames, the best detection accuracy setup of our approach has missed
only 1 frame. The best accuracy setup is based on using Connected Component Detection
to find candidate for circle. The missing frame is a result of the faulty of Otsu's thresholding
which happened when the marker is about to leave the scene.

For location accuracy, both Hough Circle Transform approach and Connected
Component Detection ~ approach perform relatively well. The relative error is
approximately 3% of the circle size in both approach. In Hough Circle Transform approach,
the detected size of the circle is determined by edge information. On the other hand, the
detected circle size is based on where the Otsu's thresholding separate foreground pixels
from the backeground ones. Although the two approaches using different methods for
determine where the edge information is, they provide a very similar location accuracy.

For speed of detection, we provided empirical data by performing our proposed
method on Raspberry Pl 2 model B+. In this setup, Connected Component Detection
approach significantly outperforms Hough Circle Transform approach. If we setup both

approach for detection accuracy, Connected Component Detection approach can process
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approximately 6 frames per second while the other approach only capable of processing
approximately 2.5 frames per second. On the other hand, setting up the Connected
Component Detection approach can process more than 12 frames per seconds while
having better detection accuracy than the other approach. Having this result, it can be
easily concluded that we should consider the Connected Component Detection approach
for both speed and accuracy.

To calculate distance from size of the detected circle, we need to calibrate to get
a parameter k which is an approximation of a multiplication result of focal length of the
camera and the real-world size of the marker. This k can be calibrated by measuring
multiple detected circle sizes, d, couple with the actual distance, D. To lessen the effect
of noise, we can calculate k by averaging the product of each pair of D and d. This k
must be calibrate for each hardware setup. In theory, we can look up both the focal
length and the real-world size of the marker and use them to calculate for k. In pracetice,
it is easier and provide a result with better confident just to approximate from measured
data. For example, in our hardware system, the parameter k can be approximate to be
857. Therefore, if we measure the detected circle size, d, to be 35, we can approximate
the distance, D, by calculating 857/35 which is just a little more than 24 inches.

Another parameter to be calibrated is the dx, a distance from the center of the
detected circle to the center of the scene image. Again, this dx can be computed
theorically by looking up camera parameter. Furthermore, it can also be calibrated in the
way which we can solve for the focal length, f, of the camera. However, it is also easier
just to measure dx from a range of 8 and then use some interpolation such as linear
interpolation in order to find out value of & in between.

As illustrated in Section 4.3, our proposed scheme can be used in real-world
scenarios with various lighting and complicated scenes. The reported detection accuracy
rate in these scenarios is 92%. For the distance and angle calculation, the reported error
is 1.41 centimeters and 0.79 degrees with the standard deviation of 1.24 and 0.58
respectively. This results suggest that our proposed scheme can be apply to the real-time
navigation system where the scenes can be complicated and various in lighting. Whereas

mentioned in Chapter 2, the previous fast tracking scheme would fail. For example, the
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color tracking would fail in vary in lighting and MeanShift/CamShift would fail in our tested
complicated scenes.

In conclusion, our proposed method is able to perform in a low computing power
environment such as in Raspberry Pl 2 Model B+ with sufficient speed and accuracy. This
allows researchers as well as mobile robot developer to build a robot with a low battery
consumption {from low computing power unit) while having capability to follow a
designed target. This can open up various possibilities. For example, we can have a mobile
robot following use around to help with carrying something or any other task.

One major flaw of our approach is that the marker has to appear almost parallel
to the camera plane. The marker orientation can vary as much as we can still detect a
circle which, from the current setup, the ratio of width and height must stay in range of
0.9 to 1.1. Hence, if we can design a marker or a 3D marker which is robust to orientation,
the navigation framework base on this approach with new marker would improve

significantly.
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Figure B.1 Scenes with partial shadow on the marker
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Figure B.2 Scenes with the bright marker with shadow on the background



Appendix B (cont.)

57

Figure B.3 Scenes with the marker in shadow with a bright background
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Figure B.4 Indoor scene with bright light source.
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Figure B.5 Scenes with shadow and bright areas.
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