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Abstract

Camera-based multi-robot formation is a core and challenging field of research in

distributed robotics. The goal is to manage multiple robots maintaining them in a

group, capable of extending for various robotic missions. There has been a substan-

tial body of work mostly based on the following assumptions: (i) The availability

of inter-communication capability among the robots, (ii) the use of special sensors

such as omni-directional cameras, laser scanners, etc., and (iii) the use of special

(or fiduciary) markers on some objects of interest (e.g. the leader robot). Those

who have pursued successful multi-robot formations have always used at least one of

these assumptions. However, these assumptions limit the scope of applicability of the

solutions that depend on them. These systems have the following representative lim-

itations: (i) The size of robots should be large enough to be able to handle the large

payload of the special sensors, (ii) the use of inter-communication requires that com-

munication systems be either already installed or carried by robots, and (iii) robots

are expected to have predictable motions. Many researchers have tried to address the

vision-based formation problem using some or all of these assumptions, but none has

attempted to go beyond these assumptions yet.

In this thesis we approach the problem described above using a monocular camera

to address the size limitation. This, in turn, allows us to use much smaller robots

than in previous research. We also allow unpredictable motions of the robots, so that

our solution can have broader applicability to several missions, such as, search, safety,

surveillance, exploration, etc. In addition, because we impose fewer restrictions in the

assumptions than in prior work, we are faced with various challenging issues when

investigating object tracking and robot control. We present a new robotic formation

methodology along with a unique technique for a group of robots based on visual

tracking only. Instead of relying on prediction models about a target robot, our robots

execute target tracking from consecutive images. For real-time processing, we propose

a new object tracking method, limiting the pool of candidates and enhancing the

matching performance. Our new multi-robot formation technique has great potential

for many robotic applications. Accordingly, this technique motivates us to come up

with a new solution to the multi-robot coverage problem. Specifically we deal with the

challenging problem of determining the optimum set of robots and their optimized
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paths, given a set of locations of interest. In contrast, existing approaches to the

coverage problem deal with a given set of robots and attempt to find optimized paths.

Therefore, in this thesis, we have come up with a new approach, which addresses the

coverage problem for a variety of real world applications.
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1 Introduction

Recent advances in automated robotic systems can provide advanced capabilities in

many military, industrial, and commercial applications such as Homeland Defense,

Law Enforcement, Search and Rescue, and Nuclear Biological and Chemical haz-

ardous environments. Let us suppose that an anonymous call is received that a bomb

had been placed in a building located at the center of a large metropolitan area.

Emergency/first responders need to find the exact location of the bomb within the

building; time is of essence here. Therefore, the problem is how fast we can search

the target area of interest and locate the bomb, without risking human lives.

One way to search effectively a large area in the minimum amount of time is to use

a set of collaborating robots. Using multiple robots is very effective for completing

difficult missions on time, while at the same time keeping humans out of harm’s

way and letting them concentrate on higher level tasks. It is also a cost effective

and force multiplier approach. Autonomy in robotics implies that robots generate

autonomous behaviors based on their own perception and cognition without being

controlled by humans. Autonomous execution by multiple robots can eliminate the

need for many human operators to manipulate and control a number of robots. The

topic of how to generate behaviors of multiple robots is an essential problem in the

field of distributed robotics and has been actively investigated. On the other hand,

deciding on the optimal number of robots which are required to execute a mission

has been given less attention.

Most of the research dealing with distributed multiple robots has investigated their

potential through computer simulations only. Using real robotic platforms is, however,

important since simulations are not enough to demonstrate real world applicability.

Even when using real robots, the scenario is often within controlled environments

and fairly well constrained with many assumptions. There are two most commonly

used assumptions in the relevant published work. The first one is the use of sufficient

information which is acquired a priory (data bases) and also in real-time from the

on-board sensor(s). The second one is the use of specific assumptions about the

environment, which limits the applications to real-world problems. However, what if

the necessary assumptions are not satisfied, or what if the assumptions are violated
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momentarily or permanently? Some assumptions are difficult to be satisfied in many

real world scenarios and thus the system performance is severely degraded or fails

totally. The challenge is to expand robotic research beyond limiting assumptions,

because in many real world applications we do not have the ability to constrain the

environment and may not be able to have skilled and a required number of humans

available to control the robots.

This research is motivated by the real world challenge to pursue a solution which

avoids the failures that may occur by these simplifying assumptions. Specifically,

this thesis deals with real multiple robots that utilize passive sensory (camera) in-

formation with fewer assumptions than commonly used in related work found in the

literature. By removing most of the assumptions that limit robotic applications,

this work presents a new multi-robot formation approach along with an algorithm,

based upon a new visual tracking technique. We address a new multi-robot formation

paradigm with minimally controlled conditions. This provides a new problem and a

unique approach which have not been attempted yet. There are many challenges

when we pursue this line of research: visual acquisition, robust tracking, individual

robot control, and strategies for the coordination of multiple robots. This thesis also

extends the multi-robot formation problem to a new coverage problem. Through this

research, which excludes the usual assumptions, we alter the perspective of conven-

tional distributed multi-robot problems. In the following sections, we discuss further

the background and misleading common assumptions (1.1), the problem description

(1.2), the approaches (1.3), and the contributions and challenges (1.4) that relate to

this line of research.

1.1 Background

In this section, we first review the representative assumptions which are generally used

in the previous related work in the literature along with their associated limitations

in the robotic applications. We then illustrate our assumptions in the problem and

approach proposed in this thesis. In particular, when we consider robots involved in

applications such as search, rescue, surveillance, and reconnaissance, there are several

impediments in the assumptions which have largely been used by other researchers.
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The most common assumptions which have been generally used in previous work are:

(i) the use of special sensors such as a laser scanner or an omnidirectional camera

(including panoramic cameras) (e.g., [27, 63, 73, 31] and [113]), (ii) the use of inter-

robot communication (e.g., [56, 26] and [31]), and (iii) smooth movements (steady

velocity or acceleration) of the robots (e.g., [78, 65, 26, 50] and [85]). The assumptions

about special sensors has implications on the size of the robotic platforms. Special

sensors have been shown to provide the necessary information; however, these sensors

such as omnidirectional or panoramic cameras, while they have large Field Of Views

(FOVs) (about 360 degrees), are impossible to be carried by small robots.

Much robotic research assumes that they can get the necessary information by

using various sensors. However, this ignores the importance of the size of the robots.

Larger robots can carry a significant payload of sensors to execute their mission, but

these robots are not always useful for some applications. There are several issues

associated with the use of large robots.

First of all, relatively large robots could not pass through narrow areas such as

those inside collapsed mine tunnels, buildings or rooms in which variable shaped

obstacles exist. We can recall the mine rescue robot (in West Virginia in 2006)

developed at a cost of about a quarter of a million dollars failing due to the size

of the robot and the muddy terrain [1] along with a wireless communication failure

[88, 2]. On the other hand, miniature robots can be deployed through narrow tunnels

(i.e., ventilation ducts) or small spaces (i.e., underneath cars or desks) to seek targets

such as bombs or victims, while maintaining a low signature and thus hiding from

the enemy or terrorists. For some missions such as finding an object of interest in a

small area, the larger robots cannot be utilized. For instance, we cannot use a Pioneer

robot when the mission is to search underneath a car. Fig. 1 shows the comparison of

the size of robots when the robots are in process of executing their missions (moving

toward a certain position). Fig. 1(a) shows that the large robot (Pioneer II) cannot

pass through a low (or a narrow) area, while the small robot (Explorer) could pass

through those areas as in Fig. 1(b).

Second, because proximity sensors detect the distance from obstacles generally

along a line or a plane, large robots need extra proximity sensors mounted at different

heights in order to detect complex shaped obstacles such as chairs, desks, and so on.
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(a) Pioneer II. (b) Explorer.

Figure 1: Comparison of different size robots, (a) a Pioneer II (large) and (b) an
Explorer (small) robot. It is clear that the Pioneer cannot move underneath the desk
while the Explorer can go through.

This significantly increases the number of sensors on-board the robot, the system

complexity and power management. For example, Fig. 1(a) shows that the Pioneer

robot cannot detect the legs and wheels (obstacles) of the table cart, whereas the

Explorer obviously can.

Third, the maximum number of large robots which can be deployed to execute

a mission within a small environment is limited, which may adversely affect their

performance. On the other hand, the compactness of small robots allows for a large

number of them to be involved in the same space to work collaboratively and thus

resulting in effective mission successes. In addition, small robots are more energy-

efficient when covering the same area.

Representative small-sized mobile robots, which are developed in the Center for

Distributed Robotics at the University of Minnesota, are shown in Fig. 2. The fig-

ure shows teams of heterogeneous robots in both sizes and shapes, and this thesis

considers the Explorer robots for our multi-robot formation. They are amongst the

smallest robots which are used to solve real-world problems in security or reconnais-

sance applications with the assistance of human operators.

Miniature robots cannot carry large sensors such as a laser scanner or an omnidi-

rectional camera due to payload and power constraints. Having smaller robots forces

us to remove the first common assumption about the use of special sensors. This the-
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sis regards the use of a small monocular camera (including a pan-controlled camera)

only. The use of a single monocular camera for tracking is a favorite sensor of choice

by many researchers, since it is extremely challenging to get necessary information to

execute the mission, as compared to the larger sensors (such as omnidirectional cam-

eras or laser scanners). The existing research using a monocular camera has assumed

static cameras or the use of a moving camera with specialized markings attached on

a target (e.g., [63, 73, 82, 90]). However, in many applications we cannot assume a

static camera properly located or special markers on the objects. For urgent missions,

we may not have enough time to prepare special markers even though we know which

robot would be a target robot in tracking. In some cases, we may not even know

what would be a target.

Figure 2: Teams of heterogeneous robots showing a unmanned aerial vehicle (AR.
Drone) and a Pioneer, and a Microvision and three Explorer robots developed at
the University of Minnesota. We consider the small-sized Explorer robots for our
multi-robot formation.
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Another common assumption is that working robots inter-communicate with each

other. The hazardous environments may not cater to this assumption when robots

are required to gather information. Assistant base systems for wireless communica-

tion may not be possible to be installed in specific places. It may not be possible to

be carried by the robots either, because of the size limitation of the robots. Even

if a communication system exists and works, robots may not be able to communi-

cate with each other in dangerous environments due to reasons such as range issues,

interfering obstacles, or adversarial signals. In many applications, if the robots in

process of executing a mission lose their communication channels and as a result they

fail the mission, then they may worsen the situation instead of helping it. While a

significant amount of research is based on inter-communication among robots in a

distributed formation, in this thesis we exclude the assumption of using inter-robot

communication.

Lastly, we consider the motion of the robots. The third common assumption in

tracking is that the motion of a target is predictable. It has assumed that robots run

with steady velocity or acceleration. It has also assumed that camera frame rates are

high enough to capture slight movements of a target from images. Since object seg-

mentation is required for real-time images, processing rates may be low. When robots

are in a mission, especially when they are searching for specific objects of interest in

an environment, they may need to stop to localize themselves or execute other mis-

sions. While robots in a formation are moving towards certain locations, those robots

may have unexpected stop-and-go movements. This makes any estimation method,

which is based upon model prediction of the robots’ velocity, vulnerable. The predic-

tion models are often too noisy to predict motions of a robot when noise models in

a system are not Gaussian-like. This work removes this common assumption regard-

ing smooth movements of robots and assumes that robots may have unpredictable

movements.

We, therefore, consider the following conditions: (i) much smaller robotic plat-

forms than previous work has used, (ii) only a monocular camera attached to the

front of each small robot is used, (iii) robots are not communicating with each

other, (iv) robots can have unpredictable motions (stop-and-go motion segments),

and (v) there is no special mark to help robots recognize a target from images. These
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conditions demand different research perspectives from the state-of-the-art formation,

tracking, and object segmentation techniques, since we have removed several common

assumptions. In summary, we avoid the prevailing assumptions for real-world appli-

cations in robotics, and cover the vision-based tracking applications (formations and

extended multi-robot problems) for multiple robots. With these conditions, this the-

sis creates a novel perspective (as compared to other similar research efforts) on the

distributed multi-robot cooperation problem.

1.2 Problem Description

The preceding section discussed the conditions that remove the common assumptions

from previous research in multi-robot cooperation. These conditions considered in

this thesis are less restrictive for robotic applications, but are more firm in terms

of acquiring the sensor information. This section addresses the problems and the

challenges with the assumptions deliberated in this thesis. When we handle multiple

robots working on a mission, collaborative behaviors of each robot are necessary.

Moving together as a group is especially fundamental to autonomously delivering or

deploying robots to certain locations. This also has applicability to various missions

requiring cooperation of multiple robots, which reduces the need of human operators

and large communication bandwidths, in many real world exploration problems.

The problem of moving together as a group has been actively investigated as a

multi-robot formation in a centralized or distributed way with the assistance of inter-

robot communication. This thesis, however, exploits a multi-robot formation in a

completely distributed manner without inter-communication for a group of robots.

In addition, this research regarding a multi-robot formation motivates us to create

a new multi-robot cooperation problem. In this thesis, we specifically address a

new multi-robot coverage problem motivated and extended from the concept of our

formation problem.

Fig. 3 is a block diagram that shows the relationship of the entire system in

this thesis. A robot executes a single-robot visual tracking cycle by estimating its

relative pose through its sensing and controlling abilities (shown at the bottom of

the figure), and the cooperation (chains) of these robots as part of a multi-robot
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formation (shown in the middle of the figure). Multi-robot formations can be the

basis of group behavior, enabling extension to various robotic applications (shown in

the top of the figure) such as search, exploration, surveillance, and so on. This thesis

especially covers a multi-robot coverage problem.

Figure 3: A block diagram showing the relationship of the entire system in this
thesis. A single-robot tracking block consists of its own target segmentation and
control algorithms based only on local active sensing ability. There are chains of
multiple robots executing a single-robot tracking task in the framework to multi-robot
formations. The formations become the basis for distributed robotic applications,
especially the coverage problem.
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1.2.1 Multi-robot Formation

This section takes into account the multi-robot formation problem including chal-

lenges and issues. Multi-robot formation generally deals with the strategies for a team

of robots to maintain a certain form in a formation. It can be a leader-follower forma-

tion in which one or multiple leader(s) lead the remaining robots (e.g., [81, 89, 27]),

or it may not have a leader robot to maintain a formation (e.g., [13, 91]). For the

multi-robot formation, the first challenge is to control follower robots in order to

follow a leader robot while maintaining a formation. It can be considered as a leader-

follower formation. In a leader-follower formation problem, the problems are (i) how

to control each follower robot (nonholonomic robots), maintaining a formation, and

(ii) how to get information regarding the leader robot. The second challenge is how

to construct certain shapes of a formation. It generally requires more information

than is received from active proximity sensors, which are able to detect obstacles

or neighboring robots in an environment [27, 37]. Using inter-robot communication

among robots is a commonly used alternative solution for acquiring neighbor robots’

information (position, pose, etc.) and maintaining a certain formation shape [26, 56].

However, we assume no inter-communication capability among robots and the use of

only a monocular camera. In this thesis we, therefore, consider different factors than

those used in the related existing research to construct a formation.

Let us look at the first challenge regarding of how to control the robots. The

leader-follower formation maintains certain distances and angles between the leader

robot and its follower robot. Each follower robot is the primary entity to be controlled

in terms of control laws for a formation problem. Control of these robots is based on

kinematic models. Previous research for multi-robot formations refers to kinematic

models based upon estimating the leader robot’s linear and angular velocities. Pri-

marily, this has been done using omnidirectional cameras (including panoramic ones)

since they have a wide FOV [31, 113]. We, on the other hand, focus on a visual

tracking technique using a monocular camera (including pan-controlled ones). Using

a monocular camera mounted on a follower robot does not provide sufficient informa-

tion for estimating the leader robot’s velocities and orientation because of a narrow

angle of view.
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The first issue when using a monocular camera is the limited view (narrow FOV) of

the surrounding environment. In contrast, an omnidirectional camera, or a monocular

camera has a broad FOV which usually captures information about any robot or

object in 360 degrees around it in order to estimate its pose. However, when robots

utilize only an on-board monocular camera (side view), the camera faces horizontally.

We, therefore, investigate the design of the kinematic models and the control of

the robots to overcome the narrow FOV generated by a camera with a side view

perspective.

The second issue is target segmentation from the images when estimating the pose

of the leader robot. In our object segmentation, unpredictable motions of the follower

robots are considered because robots may have stop-and-go motion segments. In

traditional visual tracking problems, many researchers assume that a target has steady

movements (gradual changes of velocities or accelerations), because most moving

objects change their velocities by gradually increasing/decreasing their accelerations.

However, they may need to slow down or stop for various reasons such as, to segment

and track a target of interest or because the robots may need to do some processing

related to the execution of their mission. The follower robots may also need to stop

since they should not overtake their leader robot. Low frame rates are also a concern

because of the frequency resource allocation to receive data from analog cameras

and the processing time to extract a target from an image. The combination of

unpredictable motions and the low frame rates result in very fragmented scenes. We

also need to reduce the processing time for target matching, which takes the most

time during the segmentation processes. Target occlusion or partial occlusion due to

scene clutter, and/or target to target overlap, which can easily happen in the case

of a monocular camera while following a target, makes the target detection problem

more complicated. Little research effort has been devoted to segment a target with

these challenges.

The third issue is that of visual tracking and it is dependent on the motion be-

tween a camera and a target. Visual tracking has been an active research area in

both computer vision and robotics, but most research has dealt with tracking targets

where the target and camera have different motions. When a camera is static, the

foreground or background is segmented from relatively stable and fast frames rates
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(a) Different motions (Top-view camera). (b) Similar motions (Side-view camera).

Figure 4: Example images comparing the Temporal Difference (TD) images (a) when
the camera points down and sees the top surface of the target, it is similar to having
spatial movements, and (b) when the camera points forward and it only sees the rear
of a target, which is similar to scaling (shrink/expand) as in optical flow.

to track moving targets. Even in the case of a moving camera, much research has

addressed tracking problems where they have different trajectories [92, 93, 108, 109].

Fig. 4 shows an example of how different the results of temporal differences are when

they have different and similar motions, respectively. The comparison also shows

that the point of view of a camera mounted on a robot changes the perspective of

images. When using a monocular camera, a target is shown as an object with for-

ward movements (shrinking/expanding). Although robots have similar trajectories,

the movements of the target projected on an image are different (reflected as spatial

movements) when using an omnidirectional camera. Very little research effort has

been devoted to solve the problem of robots with similar trajectories, when using

a side view mounted monocular camera without special markers. The relationship

between the motion of a moving camera and the target is generally ignored.

For those issues, in this thesis, we present a new multi-robot formation problem

along with a new visual tracking technique. Each follower robot estimates the leader’s

relative position. As most tracking problems do, we want to estimate the pose of the

target in order to utilize the common kinematic models for multi-robot formation.
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Due to our simplified assumptions, as discussed in Section 1.1, our small robot/camera

system provides less information for the target tracking and pose. Therefore, in this

thesis, we focus on estimating the position of a target by extracting an area repre-

senting the target of interest instead of estimating the velocities of the target. With

the above tracking information, the robots still need to be arranged in a formation.

We, therefore, come up with a paired-chain concept. In the paired-chain formation,

there are links consisting of pairs of robots containing a leader and a follower. Let us

call this pair a “link” of the total formation of the cooperating robots, which we shall

call the “chain”. The control problem is to find the linear and angular velocities for

each follower robot.

We now consider the second challenge in a multi-robot formation, how to construct

and maintain the shapes of formation. In multi-robot formations, generally, the shape

of a formation is based on neighboring information by using various proximity sensors

or inter-communications. The information also affects the choice of different number

of leader robots. Some algorithms such as using potential field information may not

need a leader robot in order to construct a formation [13, 91]. Some techniques

such as consensus algorithms or communication signals deal with the problem of

having multiple leaders [81, 89]. Using inter-communication among robots allows

robots to share information, such as position, pose, etc., so they can maintain their

information with multiple leader robots. A laser scanner gives very accurate proximity

information among robots, but it has difficulty identifying multiple leaders. Special

camera sensors such as omnidirectional cameras can use multiple leader robots when

they have enough range to detect multiple robots.

In our formation, on the other hand, we assume no laser scanners that provide rel-

atively accurate proximity information nor inter-communications. The paired-chain

formation considers that there may be one group leader robot to lead the entire robots

in a team. However, each pair still includes one leader and one follower, while a robot

in a link can be connected with different link(s) (pairs of robots). Since we deal with a

completely distributed formation without inter-communication, the robots only have

information about their leader robot acquired from their own camera sensor in each

pair. The problem is how to construct a formation shape by using the segments

(pairs) of robots. Specifically, in this thesis, we consider the following three issues:
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i) how to determine a pair of a leader and a follower robot,

ii) how to connect the links in a chain, and

iii) how to construct chains to represent desired formation shapes.

In this thesis, we exclude the common assumptions that restrict applicability

and require extra effort for set-up in an environment, and we have discussed various

challenges associated with this effort. In summary, we will discuss the following issues

and we will develop new approaches to address them:

1. Formation:

• How do we control robots? How can we design the kinematic models?

• Can robots using a continuous motion follow a leader?

• How do we construct a shape of formation in a fully distributed manner?

• What would be the minimal information needed to control robots for a

multi-robot formation?

• What are the roles of the robots as both leaders and followers?

• Do they support a multi-platform formation?

2. Visual Tracking/Object segmentation:

• Can we segment a moving robot with no prediction model?

• Can we detect a moving robot from a camera mounted on a platform with

sudden movements? (Handling low frame rates and unpredictable motions)

• What is different (important) according to the movements between a cam-

era and a target?

1.2.2 Multi-robot Coverage Problem

We realized that previous multi-robot cooperation problems, especially in a coverage

problem, can be differently formulated so that they are extensions of the formation

problem. We specifically address a new multi-robot coverage problem as an extended

work of this multi-robot formation, which is motivated by our formation technique.

The main difference is a change of the existing perspective in a coverage problem from
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finding a set of optimal positions to a new problem of finding a set of optimal robots.

While the existing coverage problem tries to find the paths for a number of positions,

our research finds the number of robots required to optimally solve a problem in a

given environment. The following questions are considered in this research regarding

the multi-robot coverage problem:

• How many robots do we need to cover a given environment?

• How can robots generate their paths with a minimum cost?

• How can we formulate the problem for real world applications?

In our multi-robot coverage problem, we want to use multiple robots not only

moving together but also working as a team to support and share the mission. Al-

though we have a given environment and many robots, it has never been determined

how many robots would be sufficient to cover the environment, and what would be the

best paths for each robot. We investigate a multi-robot coverage problem, in which

a group with an unknown number of robots needs to visit a series of search positions

(locations of interest). In this thesis we specifically address the problem that the

robots need to cover a given area in order to search for Objects Of Interest (OOIs).

When considering multiple robots in real-world environments, we should manage the

resources with respect to several variables including the number of robots, required

processing time, and sensing ranges. In addition, having a large number of robots is

also not always a fast, effective, and efficient way to solve the problem. The Centi-

bots [52] project that deals with approximately a hundred robots, has presented an

exploration and mapping algorithm that uses one or multiple robots, but the problem

of how many robots should be used at a given time is still an on-going challenge.

The coverage problem has been actively researched with respect to maximizing

the coverage area and minimizing the total coverage time. The research has focused

on optimizing the coverage area and time while assuming a known number of robots.

Multi-robot coverage problems minimize the time with a given number of robots [6].

Multi-agent path search problems also assume a given number of agents to solve the

search problem [96]. On the other hand, we consider the impact of the number of

robots when the coverage cost (i.e., time) is given. We assume that the robots have
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constant velocity and we only consider the travel cost (excluding the search cost).

Large numbers of robots may not help in the reduction of the coverage cost. Fig.

5 shows an example comparing the optimal paths and the corresponding path costs

for the given numbers (one, two, and three) of robots. Robots start at the same

location (the upper left corner), they then visit every cell represented in the 3 × 3

grid map. Note that the minimum coverage time is the maximum time among the

times associated with the travel paths covered by each robot. The minimum coverage

times in Fig. 5 are 8; 4; and 4 in each case. It shows that having many robots does

not necessarily guarantee faster coverage of the area. Conversely, when there are

insufficient robots as shown in Fig. 5(a), the problem may be solved in longer time

than expected. The number of robots used, directly affects the minimum coverage

time, which has to be at least the cost from the start to the point farthest away. This

motivates us to take into account how many robots will be optimal within a given

time frame.

(a) One robot (8). (b) Two robots (4). (c) Three robots (4).

Figure 5: Comparison of the coverage times when different numbers of robots are
used under the same conditions. The environment is represented by the 3 × 3 grid
map. When one, two, and three robots are given, the coverage times are 8; 4; and 4
in (a), (b), and (c), respectively. The start position is marked by the red circle, and
the numbers in each cell represent the travel cost for each robot in order to visit the
cell.

Deciding the initial placement of the robots is also important. This thesis assumes

that the robots start at the same location (area) and move together as a formation.

It may be the worst scenario for multiple robots to start at the same location because
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they have the same task specifications (i.e., set of positions to visit). Randomly

initializing the locations of robots, however, is less practical because it forces robots

to divert time and resources to localization and movement to the desired starting

location. No work has addressed this scenario yet.

This thesis presents a new coverage problem with two main objectives: 1) finding

the minimum number of robots required for the environment, and 2) finding the

corresponding paths with minimal costs for each robot in a team. Even if the number

of robots and their paths are given, there still remain practical issues about how we

control robots. We also demonstrate how to implement the problem with real robots.

1.3 Approaches

In the previous section, we covered the new distributed multi-robot formation problem

without inter-communication among robots and the new coverage problem. This

section will discuss the details of the approaches to solve these problems.

1.3.1 Multi-robot Formation Problem

Leader-follower formation is classified as the case in which the robots in a formation

keep the same following strategies when a robot tries to follow each leader step by

step. Our proposed formation technique combines vision-based tracking with multiple

pairs of robots. The approach for the multi-robot formation is that tracking robots

execute a chain in a leader-follower formation. In a chain, the robots should have

similar trajectories. While there is a group leader, each linked pair in a chain has

a local leader with its follower robot in a chain. We assume that a leader robot

can be shared with another follower robot in terms of constructing another pair in a

formation. Each follower robot in a formation ideally has one leader robot in a chain,

but it can be a leader robot for a follower robot in another pair when they are linked.

Our approach is that a follower robot in each pair in a formation executes a visual

tracking technique to follow its leader. Due to a monocular camera pointing ahead,

a follower robot looks at the back of its leader, which makes it challenging to extract

the target. In each pair, a follower robot needs to detect a leader robot based only

on real-time sensing (from a camera) information. Through this information, each
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follower robot needs to maintain certain distances and angles with its leader robot.

For each follower robot, executing visual tracking cycles, it is essential to correctly

identify its target to compute the relative distances and angles between the two robots

in a link. The approach for visual tracking is a method of object segmentation from

real-time images and the use of the perspective projection to estimate the depth and

orientation of the target. We initially assume that we know the width of the target

from a certain depth. There are two approaches to get an initial target model. One

is simply to use a given model. The other one is to initially process a moving object

in the environment to get a target model at the beginning of movement. Using this

initial information about the target, we estimate the relative depth and orientation

of the target from each follower whenever it detects the target from imagery.

The object segmentation is very challenging in this research due to the issues and

challenges outlined in Sections 1.1 and 1.2. To address the issues of unpredictable

motion of robots and low camera frame rates, this thesis utilizes a temporal difference

method. Techniques with pixel-based differences, such as optical flow or SIFT, are

promising only if the features on consecutive images can be matched. Using a tem-

poral difference of consecutive images, we want to find potential candidate areas for

the target. Here, we need to find a bounding box representing the target area with

flexible sizes and variable positions on the image. In addition, in order to reduce the

processing time for matching, we have developed a unique approach which limits the

search space for candidate matches. Finally, a matching method to pick one bounding

box from a pool of candidate areas is presented.

As other research about a multi-robot formation does, our approach utilizes a

kinematic model to estimate the position of a leader robot and to control each robot.

However, we need a new definition of the kinematic model for a leader robot due to

the lack of information about a known kinematic model. Because of this, we present

the kinematic model based on geometric information. To control robots, we need to

estimate each robot’s velocities. This thesis proposes the strategies depending upon

the choices of desired distances and angles in order to follow a leader robot as well as

construct formation shapes.

For this series of formations (the paired-chain formation), we address several fac-

tors affecting the shape of a formation. One factor is the choice of a leader robot (pairs
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of robots) for each link. Each pair includes one leader and one follower; however, fol-

lower robots may share the same robot as their leader according to the connection

of the links. In this thesis, we approach to the choice of its leader, which may af-

fect the shapes of a formation. Another factor affecting the formation shape is the

choice of follower robots. The number of follower robots for one leader robot changes

the shape of a formation as well. In a formation, a leader robot may have several

followers, although each chain includes a pair of robots. The third factor is a choice

of control strategies, especially a choice of the relative angle between two robots, to

change the formation shapes. We will discuss the factors in detail for our formation

shapes in Section 3.

1.3.2 Multi-robot Coverage Problem

The approach for the new coverage problem is based on finding the shortest path

from the start position. As we discussed in Section 1.2, we assume that every robot

starts in the same area. This contributes to the design of a new coverage problem.

Since the robots can start at the same area, the approach is to find the shortest path

from a start position to the position located at the furthest distance from the start.

We then apply a dynamic programming approach to find the other paths along with

an optimal number of robots.

This thesis proposes an optimal coverage algorithm, which finds the optimal num-

ber of robots and the corresponding paths (and tours) with the minimum cost. Since

we cannot minimize all resources - the number of involved robots and path costs - at

the same time, we try to minimize one resource first and simultaneously find the min-

imal value associated with the other resource (the number of robots). We emphasize

the fact that our work focuses on finding the required number of robots.

1.4 Contributions and Challenges

The research about a multi-robot formation covers two different fields: robot control

and estimation for visual tracking. While robotic controls for distributed multi-robot

problems have been theoretically dealt with in simulations using various limiting as-

sumptions, this thesis revolves around a new vision-based tracking techniques aiming
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at developing a new control law (based on geometric information) for small robotic

platforms. This thesis contributes new problem and approach to the completely dis-

tributed formation problem in which robots utilize less information (i.e., the removal

of several assumptions) to the current state-of-the-art distributed formation. The

formation problem is very challenging because we remove the common assumptions,

but it has a lot of potential in our real world applications.

We only use a monocular camera that can be carried by a small-sized robot. Our

multi-robot formation requires no inter-communication among robots nor any special

markers attached on the target robot. In surveillance or security missions, especially

when robots need to search for specific objects or information, there may be no com-

munication infrastructure available. In addition, we assume that no special markers

may be placed on the robots prior to the execution of their mission. The robots

autonomously keep their formation during their mission, so we do not need a number

of human operators to control them. These conditions cater to more challenges than

previous research in multi-robot formations.

The first challenge is to deal with a monocular camera working on each follower.

Very little work has been attempted to use a monocular camera for a formation. It

does not allow robots to estimate the leader’s velocity without fiducial markers. This

work discusses a geometric-based kinematic model which is addressed in our previous

work [68]. In that work we estimated the leader’s model by using the Extended

Kalman Filter (EKF). However, when image processing is not fast enough (less than

about 5 frames/sec) and the leader has sudden movements, the prediction model is

too noisy to converge. Instead of relying on prediction models in these situations, we

estimate the relative position of each leader.

The second challenge is implementing the strategies of the follower robots without

communication with their neighboring robots. Using a camera with narrow FOV

limits information required to construct a formation. We propose a visual tracking

technique along with two formation strategies: line and diagonal formations. The

line formation tries to follow each leader with similar trajectories. On the other

hand, the diagonal formation has numerous choices based on the desired angle of

each follower from the leader. This angle is used to define different shapes in group

formations. To control multiple robots in a group with only local sensory information
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(from their own camera), this work introduces a paired-chain formation algorithm in

which leader-follower pairs of robots exist.

The third challenge is the target segmentation from images in order to get the

necessary information when there is no special marker to help recognize the tar-

get. The leader robot has mainly forward movements as seen from the follower’s

camera. While the segmentation of an object having spatial movements has been ac-

tively investigated, the segmentation of an object with forward or backward (shrink-

ing/expanding) movements from moving cameras has received less attention. It gets

complicated when both a moving object and a moving camera (side view) with a low

frame rate have similar trajectories. For this problem, we propose a new target seg-

mentation method to address the vision-based tracking for a target with unexpected

motions. It is also very challenging to reduce enough the number of target candidates

in real-time robotic applications while maintaining more accurate and obtain faster

results than other pertinent methods. We also resolve the issue of how to match a tar-

get from a candidate pool for more accuracy. The entropy-based clustering algorithm

[69] is utilized to reduce the number of candidates. Using the enhanced matching

algorithm based on the covariance matrix enhances the matching results to extract

the bounding box representing the target.

A main contribution in this thesis is to present a new formation problem as well

as a new approach regarding a visual tracking technique for a multi-robot formation

control without a communication capability. The proposed technique depends only

on local sensory information, which leads to a fully distributed multi-robot formation.

Another contribution on this thesis is to present a dynamic formation in which if a

follower robot looses its leader, or for better mission execution, it may form a subgroup

to lead the rest of the follower robots. Furthermore, this has motivated us to extend

it to a new coverage problem. While we use real-time sensing without any extra

information, it is sometimes not enough for multiple robots to execute cooperative

work globally. Some robots in the group need to share and propagate the mission

objectives to other available robots when they have trouble following the leader. For

the formation part of the problem, we can ignore the dynamics of the leader robot

and we focus controlling the follower robot. However, to ensure mission success, this

work tries to extend the role of all robots in a formation (both the leader and the
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followers). Leaders of groups change dynamically when robots need to be divided

into subgroups according to the mission requirements. When robots lose their leader

from their FOV, the follower robots in a group perform the leader’s role.

Our coverage algorithm provides a new research horizon based on a cooperative

group behavior approach. This research not only addresses a new coverage problem

but also highlights some properties involving the minimum coverage time and the

optimal number of robots to accomplish the mission within a given time frame. Our

contribution is to present a new approach to the coverage problem by focusing on

finding what is optimal when using multiple robots, rather than just finding on op-

timal solution from given conditions. We also contribute a solution for the coverage

problem.

In summary, this work makes innovative contributions with minimal sensing con-

ditions. This thesis presents the following contributions: (i) a description for a new

problem of a fully distributed multi-robot formation, (ii) a new formation algorithm

based on a visual tracking technique, (iii) moving robots with unpredictable motions,

(iv) a strategy to create deformable shapes for a formation, (v) analysis for formation

shapes, (vi) a fast target segmentation scheme without knowing the target models,

(vii) enhanced real-world experiments using a leader robot with variable velocity,

(viii) a description for a new coverage problem, (ix) a new algorithm to find an op-

timal number of robots for a given environment, and (x) a practical implementation

to demonstrate the theory of the coverage problem and algorithm using real robots.
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2 Related Work

This thesis deals with the subject of multi-robot cooperation and operating with

less information than pertinent approaches in the literature. Controlling robots with

our aforementioned assumptions in real-world environments is very challenging and

requires research in interdisciplinary fields. This section considers research in such

fields as formation control, visual tracking, object segmentation, and multi-robot

coverage. In Section 2.1, we review the related literature on the multi-robot leader-

follower formation control and explain different assumptions and constraints for their

controllers. We discuss visual tracking problems and techniques which focus on single

moving cases in Section 2.2. Related visual tracking techniques when both the camera

and the target are moving are reviewed in Section 2.3. It also covers the related

literature regarding image registration algorithms occurring from the movement of

the camera or the platform. Object segmentation is an important issue for visual

tracking; moving object detection and classification methods in the computer vision

field are described in Section 2.4. Finally, Section 2.5 discusses the coverage problems

and the associated algorithms which have been investigated.

2.1 Formation Controls

There have been significant research efforts devoted to camera based formation con-

trol. Formation control has been actively considered in Control Theory (with kine-

matic models and control laws), and has been used for various applications in robotics.

Typical applications of these formations are in fast diffusion [22], distributed task as-

signment [65], flock following [113], etc.

For formation controls, there is plenty of existing work to define the kinematic

models for the robots. Different kinematic models are introduced in related work

[102, 46, 94]. The models vary depending on the shape, size, Degrees of Freedom

(DoF), etc. of the robots. Leow et al. proposed the kinematic modeling and design

of an omni-directional wheeled mobile robot [57]. The kinematics and dynamics for

an omni-directional robot and a wheeled mobile robot can be found in several studies

[77, 117, 20, 11, 118]. A rover with the ability to reconfigure for different terrains is

developed in [53], and a special kinematic configuration through a geometric approach
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is introduced in [106]. Balaram describes an odometry estimate by utilizing the full

kinematics of a vehicle [12].

We will now depict how formations can be built and controlled when groups of

robots are used. Multi-robot formation algorithms are categorized into centralized

and decentralized methods. While a master (or masters) has the entire information

to control others and perform a mission in a centralized way, each robot, in a de-

centralized way, has partial information. When no communication exists, centralized

methods may be impractical; Existing research [55, 82, 104] has introduced decen-

tralized formation control. This thesis focuses on a decentralized method. Lemay

et al. describe the method for position assignment in a formation for a group of

robots using Breadth First Search (BFS) [56]. This research introduces one of the

theoretical possibilities based on a search algorithm for multi-robot formations. A

formation control based on creating spatially self-aggregate shapes is introduced [23],

however, this work is limited to simulation. A navigation function for a stable forma-

tion is proposed and shown to globally converge in [104], but robots are emulated in

a point-world.

These control methods are based upon the assumption that the robots in a for-

mation can acquire the required information such as neighboring robots or proximity

from the environment through various sensing capabilities. On the other hand, vision-

based formation controls have been mainly researched by estimating the leader’s linear

and angular velocity from followers. There have been various attempts to get the in-

formation by using panoramic cameras, special markings, or communications between

robots. Instead of measuring information about an environment, robots estimate their

leader robot’s states. Most work regarding a leader-follower formation by using a vi-

sual sensor is dominated by the use of an omnidirectional camera [31, 63, 113], since

it provides the necessary information for the kinematic model. Using the sensing in-

formation, robots supply their controllers with an estimate of the leader’s linear and

angular velocities.

For vision-based leader-follower formations, a significant issue when controlling

followers is how to gather the information to compose the kinematic model of the

leader consisting of the linear and angular velocities. Communication between robots

has been used in previous research [56, 26] to gather information about the leader’s
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kinematic models. A camera sensor has the advantage that it identifies the target.

A leader-follower formation using only local sensor information was introduced by

Desai et al. [31] through a panoramic camera along with the assumption of commu-

nication availability. Mariottini et al. proposed an algorithm to observe the centroid

of the robot via feedback control using dynamic extension with an omnidirectional

camera as well as inter-robot communication [63]. Vidal et al. also used a panoramic

camera, which is a realization of an omnidirectional camera, for a formation control

method based on the targets’ optical flow [113]. Das et al. introduced both the

centralized and the decentralized control method [27]. The authors use input-output

feedback linearization for a cooperative control framework built on a controller and

an estimator.

While much work using a visible sensor is based on specialized cameras to acquire

the kinematic models of the leader [27, 63, 73], very little work has been attempted to

use a pan-controlled camera. Orqueda et al. [82] presented a decentralized stabiliza-

tion of formations using pan-controlled cameras such as ours; however, they attached

fiducial marks on the robots to recognize the heading orientation of the leader, so they

could use the same kinematic model as others did. Our previous work [69] also uses

a pinhole camera without markings, but the target matching is based on a color his-

togram. Depending only on color information may be provide unreliable information

when similar colors are present in the background.

For leader-follower formations there is relevant research, but it assumes special-

ized markers: special signals (obtaining information from ceiling mounted sensors) to

recognize a leader [76], infrared transmitters for holonomic robots [58], color markers

[90], and a panoramic camera and color markers [63], respectively. Morbidi et al.

dealt with a similar work as ours [74] but they have no experimental results with real

robots. Observability for formation control approach is proved via Immersion and

Invariance (I&I) using an omnidirectional camera along with specific colors to distin-

guish robots [73]. The leader-to-follower linear control described in [26] assumed that

the unknown and arbitrary leader’s velocities were bounded. Leader-to-formation

stability was investigated by Tanner et al. in [105] with the assumption of knowing

the distance, the heading orientation of the leader, and relative bearing between the

leader and the follower. Sequential state estimation using a Kalman filter is applied
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by Ko et al. [50], and a tracking algorithm was cooperatively run by using three

robots.

A decentralized control approach is applied for formations of unmanned aerial

vehicles [101]. While a decentralized visual servoing by feedback linearization is de-

scribed, Vidal et al. use a panoramic camera to estimate the leader’s heading orienta-

tion [113]. A distributed task assignment using an auctioning algorithm is applied to

a distributed formation control scheme for multiple mobile robots [65]. A decentral-

ized data fusion for a modular wheeled mobile robot is presented using the estimation

through the Kalman filter in [78].

2.2 Visual Tracking: Single Moving Cases

We define the visual tracking problem of single moving cases to be that of tracking a

moving object from a static camera or tracking a static object from a moving camera.

This section reviews the object tracking problem for single moving cases.

This has been actively investigated in the visual tracking research field. In single

moving cases, a tracking camera must be able to first determine what the target

of interest is and separate it from all of the background. Then, once the object is

identified, it must be continuously identified as the environment changes.

For the case of object tracking from a moving camera, most research is based

on detecting special markers (landmarks) or colors. Min et al. introduced a visual

tracking method with point clustering to detect special pre-constructed landmarks

by a mobile robot [66]. There are other tracking applications that use a mobile

robot equipped with cameras to detect colors or landmarks [47, 98]. These methods,

however, are only robust when sufficient a priori knowledge is available.

A visual texture based method is presented by Huber et al. by using a stereo

camera when pursuing moving agents [45]. The object detection is not based on

the temporal difference of optical flow, but the problem is to pursue moving agents

instead of following. A position tracking control is considered for wheeled mobile

robots equipped with a static camera [32]. An optical flow based object tracking is

applied in [21], which is robust to illumination changes while adding computational

complexity. A trial work for multiple pursuers to detect an evader is introduced [10],
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but restricted to simulation.

When we detect an object by using a static camera for object tracking, it is

often required to adapt to changing environmental conditions such as illumination

changes. Veeraraghavan et al. [112] present a geometric template constrained with

data association for feature tracking of humans. Peterfreund [85] tracks hands and

objects using Kalman filters in conjunction with snakes to segment object boundaries

while using a static camera. Also, Toyama and Hager [109] propose a robust visual

tracking algorithm for focusing attention on a target which has a hierarchical structure

based on resolution.

2.3 Visual Tracking: Both Moving Cases

There are salient differences in the algorithms for extracting a target of interest when

using a static camera versus a moving camera. When using a static camera, we

can remove the noise using robust background subtraction methods. One can get

relatively good results even in outdoor environments or changes of lighting conditions

but is limited to a particular static scene. When using a moving robotic/camera

system, on the other hand, one has less restriction in dynamic scenes, which makes

it more practical for real world applications such as, search, rescue, reconnaissance,

etc. Every sensor has a certain range of sensing boundaries, and this limits possible

missions for robots. For instance, exploration of unknown environments (such as

Mars) to gather information requires real-time sensing capability while the sensors

have mobility.

Moving target tracking with a moving camera has different challenges from that

of object tracking in single moving cases. However, we will need to deal with the

image registration problem to correct background apparent changes due to sensor

platform motion. Representative methods for image registration from a moving cam-

era use optical flow by the Lucas-Kanade algorithm [60] or matching features [47].

A disadvantage when using optical flow is that it is computationally expensive when

necessary to apply it on every pixel. It works only when a moving target has small

changes in consecutive images. An algorithm using optical flow may require known

or estimated depth information. A matched feature-based registration algorithm is
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faster than an optical flow based algorithms. However, both methods transform the

object and the background at the same time and this is an issue when the object and

the sensor have the same motion.

Tracking of multiple moving objects with a laser scanner on a mobile robot is

described in [92, 93]. Thrun proposes a probabilistic algorithm for tracking in robotics

when using a laser scanner [108]. It is an interesting algorithm; however, the objective

of tracking is to estimate the position of moving objects instead of following them.

There is a difference between tracking a target and following a target. The problem

of tracking deals with different trajectories between the target being tracked and

the moving platform with the camera, whereas the problem of tracking along with

following the target has to ensure that both have similar trajectories. The pose

estimation of a robot is also introduced with the algorithm based on probabilistic

filters [71].

Jung et al. detected a moving object from a camera using matched features

represented by corners [47]. The authors applied a frame difference, attempted to

find a moving object with side-wise movements by employing particle filters, and

then used an optical flow method to track features in the subsequent images. They

dealt with the problem of visual tracking from a moving camera in a way similar to

our methods. However, several big differences exist: (i) in our case the moving target

has similar trajectories with a follower, (ii) images are processed on-line for real-time

tracking (not from videos), (iii) we assume that a moving target has unpredictable

motions, and (iv) a camera is assumed to have a low frame rate. In fact, it is a very

different problem tracking an object which has shrinking/expanding movements on

consecutive images versus tracking an object projected which has spatial movements

on consecutive images. Talukder et al. also used real-time optical flow to extract

moving objects between consecutive images [103] in order to extract moving objects

with side-wise (spatial) movements. Braillon et al. utilize optical flow information on

each pixel and tries to find ground motion from the consecutive images by a similarity

measure [19]. A practical visual tracking method for multiple robots is introduced

for a team of miniature robots [68]. Du et al. detected a forward moving car whose

shape may exhibit symmetry [33].
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2.4 Object Segmentation

For the case of object segmentation from a camera sensor, problems and solutions may

vary according to the motions of the target and the camera. The way of how a target is

viewed on the image plane depends on the combined movement of the sensor platform

and its own. This section describes the existing relevant research regarding moving

object segmentation from images. Probabilistic methods have been widely used for

object extraction problems. Stein et al. [100] use the combination of appearance

cues with motion cues after over-segmentation to find object boundaries, and object

recognition is similar to a likelihood maximization. Ke et al. [48] address a correlation

method based upon spatio-temporal shapes for moving object segmentation from

video clips without background subtraction. The system is trained to track motion

through time by using an example object. A combined algorithm of pixel analysis

and region analysis for moving objects is presented by Fujiyoshi [40]. The authors

detect multiple overlapping objects by analyzing pixel intensities over time. While

many researchers are focusing on moving object segmentation from a static camera,

and there are plenty of various algorithms in this area, object segmentation from a

moving camera has been simplified by imposing too many assumptions.

Moving object detection from a moving camera is a challenging problem, but is

also necessary in many robotic applications such as exploration, dispersion, camera

placement, sensor network, and localization. Grabowsk et al. use heterogeneous

teams of robots for constructing a map for obstacle avoidance [41]. A cooperative

localization for two robots is described in [62], and the robots recognize each other to

estimate relative position. A detection and tracking algorithm for a moving car from

a video taken from another moving car is investigated [15]. The work is based on

temporal difference which attempts to detect significant changes between frames due

to object movement. The problem of a moving car detection from a moving camera is

very similar to our problem with respect to segmenting a target from a camera having

similar motions with the target; however, this work analyzes video in the laboratory

taken with a high frame rate camera.

Scale-Invariant Feature Transform (SIFT) is a powerful descriptor [59] to local-

ize and represent key points in video images. It gives relatively accurate results for
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matching by using a distance-based similarity measure. However, it is computation-

ally expensive. It is not fast enough to apply the SIFT descriptors for real-time

tracking due to relatively high processing time and relatively fast movements of the

robots. A sparse SIFT representation is presented by Cherian et al. [24]. It uses dic-

tionary learning and provides faster matching results than the original SIFT method.

However, the SIFT matching method is based on small areas of pixels on an image;

therefore, even a few incorrect matches from the SIFT features may adversely affect

the result. The errors that occur when constructing a bounding box for a target

increase the incorrect matches. Moreover, the SIFT matching does not work well for

images with different scales or resolutions.

A covariance matching algorithm is presented by Porikli et al. [86, 110]. They

represent image regions with covariance (rectangular) matrices whose dimensions are

equal to the number of features used. It therefore works with a target model repre-

sented at a different resolution. It is also faster than other histogram-based matching

algorithms [97], since it matches d × d (for d dimensional features) matrices instead

of matching the entire images. Alahi et al. have used a region covariance descriptor

to detect a target by mixing fixed and moving cameras [9]. Covariance matching

is invariant to range. Therefore, it is a powerful method for matching targets with

varying pixel size. However, no work has yet considered the significance of the feature

selection for covariance matching.

Classification is a useful learning algorithm, which can be applied to many ap-

plications. Unsupervised classification (such as clustering method) is used for classi-

fying data without knowing the output groups (classes). De la Torre [30] proposes

parametrized kernels using a gradient-descent based method to classify images, but it

is a supervised classification method requiring many training images. The author also

has tried to distinguish facial gestures by clustering shape and appearance features

[29]. The information-theoretic clustering method is introduced by Bohm et al. [16].

The clusters for features are based on density, and the method executes purifying clus-

ters from noise and merging clusters. Kim et al. introduce a segmentation method for

extracting salient regions [49]. Sivic et al. apply a supervised classification algorithm

to discover objects from images [99], and the work requires many iterations for the

training process as do other classification algorithms. While many image classification
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techniques are based on supervised classification to classify new instances correctly,

our image classification technique is based on unsupervised classification; it does not

require a training stage using a lot of training data. In this thesis, an unsupervised

classification (clustering) technique is used to reduce candidates for matching in order

to find the moving target. This is vital for the case of target detection in which both

the target (leader robot) and the follower robot have a similar trajectory.

2.5 Multi-robot Coverage Problem

Our coverage problem is motivated from a multi-robot formation in order to search for

stationary OOIs without a pre-specified number of agents. A typical search problem

involves finding the shortest route to a goal position, while minimizing search costs.

An agent-centered search problem is investigated by Koenig [51]. The author has

adapted a small planning cost between plan executions. A search problem for a

target in an unknown environment based on visibility metrics is considered by Datta

et al. [28].

The coverage problem using multiple robots has been actively investigated for

robotic applications such as searching for specific targets, predator-prey [115], intruder

detection [72], and sweeping tasks [8], among others. Multi-robot coverage problems

are traditionally dealt with a given number of robots starting at randomly distributed

locations [6]. The authors have presented a tree construction algorithm based on

distance metrics represented by cells on a map, but they have used a pre-specified

number of robots. Searching for dynamic OOIs may require robots to visit some

areas more than once. The intruder detection problems such as predator-prey [115]

and multi-robot patrolling [7] fall in this category. Moors et al. have presented a

graph-based search algorithm for the intruder detection [72]. The authors have used

a randomized optimization algorithm to generate positions in order to cover the entire

area based on the specific sensing ability.

Konolige et al. have tried to use about a hundred robots for an intruder detection

problem (the Centibots project), but the problem is also based on a known number

of robots [52]. However, using a given number of robots is not always optimal as

discussed in our prior published research [70]. Besides, it is not practically effective to
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assume a given number of robots with randomly generated locations since it requires

extra effort to place them in certain areas. Howard et al. have proposed an algorithm

flexible to an unknown number of robots [44]. The algorithm, however, does not

provide an optimal number of robots. No prior research has attempted to find an

optimal number of robots to perform the mission.

Unlike existing approaches to the coverage problems, our research has mainly

addressed how to find an optimal number of robots for a given coverage problem as

well as the corresponding paths. We have assumed that a team of robots starts at the

same area. Ahmadi and Stone have proposed a sweeping task in which a given number

of robots could repeatedly visit in a fixed area [8]. The research is about finding a

proper partition for a given number of robots in an environment. Our approach to the

coverage problem, on the other hand, utilizes a different coverage method to deploy

the robots which are supposed to address the mission.

The Traveling Salesman Problem (TSP) and the k-agents Traveling Salesman

Problem (k-TSP) are tour search problems aiming at minimizing total travel cost

[96]. These problems are indeed optimization problems with respect to travel costs

associated with a known graph, initial positions, and a pre-specified number of agents.

The k-TSP deals with multiple agents, but is limited to a known number of agents

as in typical coverage problems. Frederickson et al. have studied an approximation

algorithm for the k-agents TSP problem [39]. Ny et al. have studied the TSP for

a Dubins vehicle [79]. An approximation algorithm for k-server routing problems is

examined in [17].

Exploring unknown environments for search or rescue missions, however, neces-

sitates deploying robots into specific spots, rather than keeping their connectivity.

From this requirement along with our assumptions, the coverage mission is based on

cameras mounted on each robot, and the localization is related to neighboring robots.

Relevant research is categorized here by whether or not it is a communication-based

coverage.

There are many algorithms based on wireless signal intensities [111, 61, 64]. The

coverage problems have been classified as either heuristic or complete [25]. Existing

research methods have used global information in order to complete their mission for

a coverage application. This is considered to be a centralized method. We are moti-
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vated to address the problem, based on minimal assumptions for distributed methods

using only local information. As we mentioned in Section 2.1, both centralized and

decentralized methods have pros and cons. When robots lack global information

for localization, random movements or wall-followings are the well-known functional

strategies for dispersion methods. Morlok et al. examine these movement algorithms

to disperse robots in unknown virtual-worlds [75]. Another interesting method for

multi-robot dispersion is the use of repellent pheromones [84]. Virtual pheromones

are used for indirect communication between robots to produce organized group be-

haviors, but a master camera is utilized. Although the research takes into account

many robots, they are usually restricted to simulations instead of using real hardware.

Another representative method about multi-robot cooperation is to rely on the

neighboring information. A laser scanner is used to estimate the relative bearing

and distance of the neighboring robots or obstacles [14]. Laser scanners provide

relatively accurate information about distance and bearing, although they cannot

identify objects and generally are large in size. A relative distance-based coverage

method is presented by using local-sensing information from measuring sensors which

assumes no communications [18], but it is shown in simulation only. A probabilistic

method for a robot searcher finding a non-adversarial target is introduced [43]. The

authors use range measuring sensors to measure relative distance information, and

robots communicate with each other and could get global information using those

sensors. Instead of exploring an environment, according to the information from

neighboring robots, our robots keep a desired formation and explore the environment

by dividing themselves into sub-groups.
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3 Multi-Robot Formation

Multi-robot formation deals with a group of multiple robots moving together while

they maintain a certain formation. The objective of multi-robot formation is to spec-

ify a strategy of movements for follower robots in a group. Since multiple robots

execute missions in real-time and have movements coordinated in a formation, ac-

quiring and sharing information is necessary and important. The problem becomes

more challenging when the robots in a group have no inter-communication capability

and at the same time they use small monocular cameras which capture much less

information than the larger sensors used on other related efforts.

As we discussed in Section 1.2, this thesis develops new strategies and control

methods for robots which have not been investigated enough yet. We also discuss

how to construct and maintain a certain formation shape in a completely distributed

manner. The leader’s velocities (linear and angular, respectively) cannot be estimated

by a robot’s sideview monocular camera without specific assumptions. Instead of

depending on the common kinematic information, we present a new formation control

method based on a robotic visual tracking technique for a pair of robots (a leader

and a follower). We discuss the image processing and estimation methods for target

segmentation in Section 4. This section focuses on the formation algorithm and the

formation shapes by using the estimated information about the leader robot. The

formation algorithm has been presented in our publication [68]. We assume that

the initial information regarding the length and width of the leader at a specific

distance (range) is given for our estimation method. Given the initial information,

each follower can approximate the relative distance and bearing between robots while

they segment the leader from images. We will discuss this in more detail in Section

4.

This section introduces a new formation control method which works with even

fewer assumptions than previous formation methods. We emphasize and explain

the different perspectives of this research and our assumptions in Section 3.1. We

illustrate the strategies and the control laws for the follower robots in a group with

completely distributed sensing ability and the control mechanism for these strategies

in Sections 3.2 and 3.3, respectively. Depending on the strategies and the choices
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of a leader robot, the formation shape can vary. We discuss the different formation

shapes in Section 3.4. Since each follower robot in a group uses local information

obtained from its own camera, the problem is very challenging. We deal with the

dynamics (merging/spliting) of a group formation, which can become a solution,

when robots loose their leader from their FOV, in Section 3.5. The experimental

results are demonstrated by using both simulation and real robots in Section 3.6.

3.1 Perspectives

In this section, we first discuss the different perspectives in our research from pertinent

work, which are fostered from our assumptions discussed in Section 1.1. Specifically,

we consider the perspective in research when we use a monocular camera working on

each robot. In addition, we take into account the different impact that may occur

when we assume unpredictable motions of robots in a group. When the leader robot

has unpredictable movements, the follower robot faces the challenge to adapt a similar

trajectory. To our knowledge, not much prior work has been conducted to deal with

this problem.

First of all, we look into the use of a monocular camera mounted on each robot

(attached at the front of the robot) without any special markers on the target to

help robots detect the target. In contrast, when we use an omnidirectional camera

on a follower robot to track the leader robot, the camera points down and provides

a broad sensing area enough to detect the target robot’s top surface in order to

estimate its velocities. It provides position information along with the x- and y-axes

(two-dimensional information) as shown in Fig. 6(a). However, when robots utilize

only a sideview monocular camera, the camera faces the back of a leader robot which

provides information only along with the z-axis, as shown in Fig. 6(b).

Fig. 6 shows the comparison of different camera perspectives between omnidirec-

tional cameras and monocular cameras. There are primarily three differences between

these types of cameras: (i) the rotational angles of the coordinate systems for each

camera, (ii) the imaging views, and (iii) the depth between a camera and the target.

Figs. 6(b) and 6(a) show the perspectives from a monocular camera attached on the

front of a robot and an omnidirectional camera mounted on the top of a robot. First,
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(a) The perspective view from a monocular camera.

(b) The perspective view from an omnidirectional camera.

Figure 6: Comparison of different perspective views of a monocular camera and an
omnidirectional camera.
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the cameras’ coordinate systems have different rotational angles due to their attached

location on the robot. The relative position of the target object in the x- and y-axes

in the image plane is related to the rotation angle of the robot using a monocular

camera. The relative depth between a camera and the target varies depending on

the movements of both the target and the camera platform when using a monocu-

lar camera, while it is relatively fixed in the images when using an omnidirectional

camera. Second, as shown in the comparison, the views of images from a monocular

camera are different according to the rotation angle of the camera. On the other

hand, the background of the image planes are not changing except for the rotational

angle, when using an omnidirectional one. Lastly, when using a monocular camera,

it is possible to estimate the depth when we impose specific assumptions; however, it

is not straightforward to estimate the position of the leader robot with respect to the

plane of the x- and y-axes.

Second, let us consider the assumption of unpredictable motions. Why should we

consider unpredictable motions of robots? There are some good reasons:

(i) Multi-robot formations may be required to execute a variety of missions which

require different motion dynamics for the leader robot.

(ii) In multi-robot formations, there is the obvious constraint that the follower robot

cannot overtake (pass) the leader robot, and

(iii) It provides flexibility in a group mission. Also, situations are unpredictable in

real world missions.

Due to these reasons, we assume that the robots in a group may have unpredictable

motions (discontinuous motions). It can be considered as stop-and-go segments in

their motions. For visual tracking, robots need to compute the necessary information

through on-line real-time processing. When there are enough image frames to process

the motion of the target, such as analyzing a video, unpredictable motion of the target

may not be an issue in an estimation problem in order to assume predictable motion.

However, we have to consider low camera frame rates (one or two frames per two

seconds), and the unpredictable motion combine to make very fragmented scenes.
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3.2 Formation Strategies

We have discussed our assumptions and challenges in Sections 1.1 and 1.4. This

section considers our formation in a distributed manner and the only information

source being a monocular camera mounted on each robot. We present a pair-wise

way to the multiple robot formation in which each follower robot executes visual

tracking cycles. There are two robots in each pair, and each pair contains one leader

and one follower. The concept of the pair-wise formation proposed in this thesis is

depicted in Definition 3.1. This means that, for instance, if there are three robots in

a formation, then there exist two pairs of one leader and one follower.

Definition 3.1 The Pair-wise Formation is a distributed formation in which there

are pairs of robots in a formation and the ith pair is made up of the ith leader along with

the ith follower. Each follower is self-controlled by using its own information (from

local sensors). We call each leader and each follower as the local leader and the local

follower, respectively. Formally, let R be a set of robots in a group, and P1, . . . , Pn

be pairs of robots where n is the number of pairs. Let Pi =< Li, Fi > be a set of two

robots (one leader and one follower) where Li, Fi ∈ R. Then (1) P1 ∪ · · · ∪ Pn = R,

and (2) ∀Pi, i = 1, . . . , n, ∃Pj( 6= Pi) satisfying Pi ∩ Pj 6= ∅.

From Definition 3.1, we promptly have the following property.

Property 3.1 Let n be the number of robots in a group, and m be the number of

pairs. Then m = n− 1.

Proof Let n and m be the number of robots and pairs, respectively. To find the

number of pairs, we have two steps: the first step is to construct separate pairs of

robots and the second step is to connect those pairs in a line. Let m1 and m2 be the

number of pairs in the first step and in the second step, respectively. We consider the

cases when n is even and odd numbers.

i) Let n be an even number. Then m1 = n
2
, and m2 = m1 − 1 = n

2
− 1. Hence,

m = m1 +m2 = n− 1.

ii) Let n be an odd number. In this case, we exclude one robot so that (n− 1) is an

even number. We then add this robot when we connect the pairs in the second step.



3 MULTI-ROBOT FORMATION 38

Therefore, m1 = n−1
2

, and m2 = m1 − 1 + 1 = n−1
2
. Hence, m = n− 1.

By i) and ii), m = n− 1.

Figure 7: An example showing a number of robots and the pairs of clusters.

For the leader-follower formations, two tracking strategies are introduced; one that

maintains a straight line and one that moves diagonally from the leader. The line

tracking strategy simply tries to keep the desired distance with a leader, while the

diagonal tracking strategy attempts to maintain a certain angle relative to the bear-

ing with the leader. In each pair, the follower robot estimates the relative position of

the leader and itself. While the global position of each follower is estimated through
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its encoders, the leader’s global position is estimated from the image measurements.

The objective of the follower is to acquire its control inputs from the estimates of

the information about the leader. Let Li and Fi denote the leader and the ith fol-

lower, respectively. We control each follower robot based on the image measurements;

therefore, the ith follower’s velocities are estimated as

ẋFi
= νFi

cos θFi
, (1)

ẏFi
= νFi

sin θFi
, (2)

θ̇Fi
= ωFi

, (3)

where νFi
and ωFi

are the linear and angular velocities of the ith follower, respectively.

When estimating the position of the leader robot from the follower robot, each

follower robot has no information about its leader robot except image measurements

which is information of relative length and angle in the z-axis. For this reason, we

estimate the relative position of a leader from its follower. The leader’s relative

position is estimated as follows:(
xLi

yLi

)
=

(
xFi

yFi

)
+

(
cos θFi

− sin θFi

sin θFi
cos θFi

)(
Xr

Yr

)
(4)

Here Xr and Yr denote the relative position of the leader in the camera’s coordinate

frame of each follower. These relative positions along the follower’s frame are rep-

resented by Xr = l cosα and Yr = l sinα, where l and α are computed by Eq. (30)

along with the image measurements: the x-projection (lx) and the centroid (cx)) of

the leader. More details are in Section 4. Before moving on to our control theo-

rems regarding formation control velocities, we define the line and diagonal tracking

strategies as in Definition 3.2, and Definition 3.3, respectively.

Definition 3.2 The Diagonal Formation in pair-wise formation is a strategy for the

follower’s behavior when following a leader; a follower attempts to maintain a certain

angle (γ) to the relative bearing (α) with respect to the leader whenever it moves.

Definition 3.3 The Line Formation in pair-wise formation is when γ = 0. For the

line formation, a follower robot controls its velocities in order to maintain a certain
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distance (d) with respect to the leader robot whenever it moves.

3.3 Robot Control

This section investigates two theorems regarding how to control robots for the pro-

posed tracking strategies.

Theorem 3.1 The control velocities for the follower in the pair-wise line formation

are computed by u =
(
c1

l
cosα

c2 tanα + c3α
)T

where l and α are the distance and

the angle between the two robots and c1, c2, c3 ∈ <.

Proof Let li and αi represent the relative distance and bearing of the ith follower, and

ld and αd be the desired distance and angle, respectively. By taking the derivatives

of the leader’s global position in discrete space, we attain

ẋL '
∆xL
∆t

=
1

∆t

(xL(t)− xL(t− 1)), and (5)

ẏL '
∆yL
∆t

=
1

∆t

(yL(t)− yL(t− 1)). (6)

Let us define the output vector in the closed-loop control system as yi =
(
li αi

)T
,

where li and αi are computed by Eqs. (7) and (8):

li =
√

(xLi
− xFi

)2 + (yLi
− yFi

)2 (7)

αi = arctan(yLi
− yFi

, xLi
− xFi

)− θFi
(8)

By taking the derivatives of the equations li and αi, we can derive ẏi as follows:

ẏi = Giui + vi, (9)

where

Gi =

(
− cosαi 0
1
li

sinαi −1

)
,ui =

(
νFi

ωFi

)T
,

vi =

(
ẋLi

cos(θFi
+ αi) + ẏLi

sin(θFi
+ αi)

1
li

(ẏLi
cos(θFi

+ αi)− ẋLi
sin(θFi

+ αi))

)
.
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The ith follower’s control velocities are derived by applying input-output feedback

linearization, and the result in the pair-wise line formation is given by

ui = G−1
i (ya − vi), (10)

where ya is an auxiliary control input given by ya =

(
k1(ld − l)
k2(αd − α)

)
. Here, k1 and

k2 > 0 are the user-selected controller gains.

The applied input-output feedback linearization guarantees that the output yi

converges to the desired value
(
ld αd

)T
. The closed-loop system is stable under

the assumption that |αi| < σ, where σ is the viewing angle of the camera mounted

on a robot. We assume that σ < π
2
, so Gi is invertible.

Only linear type of formations would be constructed using a line formation, while

the diagonal strategy can make formation of different shapes. For the diagonal forma-

tion control defined in Definition 3.2, a follower is controlled by varying two angular

velocities simultaneously. Each follower moves toward the position aligned with the

pre-selected angle and the distance from its leader robot as shown in Fig. 8. The

desired position F ′ is computed by the angle γ and the distance ld, which are pre-

selected information. The image measurements from the follower are the same as the

line formation; the relative distance (l) and bearing (α). The angle θF ′ is the fol-

lower’s new global orientation to be lined up with. Using the geometric information

and the gradient, tanβ, of the line passing through the points L and F ′, we can find

the desired position F ′ as in Eqs. (11) and (12). The value of γ is non-zero for a

diagonal formation, as the value of zero corresponds to the line formation as described

in Definition 3.3.

For the diagonal formation, there are two steps of control inputs; one is to drive

the robot to the desired position F ′ and the other one is to line it up with the leader

robot. Because of these control steps in control, the desired orientation of F is related

to the position and orientation of F after the first step. Let us define the step t′ where

t′ ∈ (t, t+ 1), then we can get the angle θF ′ of the follower’s new relative orientation



3 MULTI-ROBOT FORMATION 42

that needs to be aligned with as in Eq. (13).

xF ′(t) = xL(t) + ld cos β(t) (11)

yF ′(t) = yL(t) + ld sin β(t) (12)

θF ′(t) = arctan (yL(t)− yF (t′), xL(t)− xF (t′))− θF (t′), (13)

where β(t) = σ(t) + α(t) + γ. Here, σ(t) = θF (t) + π
2
, since the robot moves in the

y-axis and the camera system’s coordinate frame coincides with the y-axis; however,

the orientation (θF ) of the robot is related to the x-axis.

Theorem 3.2 Let d and η be the relative distance and bearing between F and F ′.

In the pair-wise diagonal formation, the follower has three control inputs; two control

inputs are computed by u = G(η − θF )−1y, where G(x) =

(
−cos(x) 0
1
d
sin(x) −1

)
, y =(

c3 c4

)T
, and c3, c4 ∈ <, and the third control input is ω2 = α− ω1.

Proof Let F ′ be the desired pose derived by Eqs. (11) ∼ (13). The output in this

control system is defined as yd =
(
d η

)T
, where

d =
√

(xF ′ − xF )2 + (yF ′ − yF )2, (14)

η = arctan (yF ′ − yF , xF ′ − xF ). (15)

The geometric view for d and η is also seen in Fig. 8. By taking the derivatives of d

and η, ẏd is derived as follows:

ẏd = G2ud, (16)

where G2 =

(
− cos (η − θF ) 0
1
d

sin (η − θF ) −1

)
and ud =

(
ν

(1)
F ω

(1)
F

)T
. Since we can com-

pute F ′ and it is fixed for each step, we have one input vector ud for a follower in this

case differing from Eq. (9).

By applying input-output feedback linearization, the control velocities for the

follower are given by

ud = G−1
2 yb, (17)
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Figure 8: Description of the diagonal formation for two robots. In the figure, F ′ is the
desired position estimated by the desired angle (γ) and distance (ld) of the follower
robot from the leader robot. The coordinate frame of F0 is the initial coordinate
frame of a follower robot. The angle α is defined as the angle formed between the
y-axis of the camera and ~FL. The measurement of which coincides with α is discussed
in Section 3.3.



3 MULTI-ROBOT FORMATION 44

where yb is an auxiliary control input given by yb =

(
k3(0− d)

k4(θF − η)

)
, where k3 and

k4 are the user-selected controller gains. This also guarantees that the output yd

converges to the desired position
(
xF ′ yF ′

)T
. To be lined up with the desired

bearing θF ′ , the third control input is defined as

ω
(2)
F = α̇− ω(1)

F .

The closed-loop diagonal formation system is still stable, since the matrix G2 is in-

vertible when −σ < η − θF < σ. The new relative bearing α′ between L(t + 1) and

F ′, α′ is also in the FOV of the follower’s camera.

3.4 Formation Shape

The multi-robot formation in this thesis considers the follower robots in a group

equipped with only a monocular camera. For the formation, this thesis addresses a

visual tracking technique for pairs of robots. Each pair consists of one leader and

one follower, so each follower robot is locally controlled by computing its sensing

information. While the robots can be considered as being locally controlled in the

context of their pair, we need to construct the global shapes of a formation.

In this section, we discuss how to construct the shapes of our multi-robot forma-

tion. There are two factors that affect the formation shape: the choice of tracking

strategies and the choice of the leader robot in a group, discussed in Sections 3.4.1

and 3.4.2, respectively. . We take into account the impact of the different shapes of

a formation according to the proposed strategies and the choices of pairs.

3.4.1 Choice of Tracking Strategies (Relative Angles)

We have defined two tracking strategies in Section 3.2, which are the line and diagonal

tracking strategies. This thesis has defined the chain pair-wise formation in Definition

3.1. There are pairs of robots in the paired-chain formation, and each pair consists

of a leader and a follower. Each follower robot may be the leader robot at the same

time in the pair that forms with the robot immediately behind it. We have called the
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leader in the first pair the group leader, while a leader robot in each pair has been

called as the local leader.

For the line tracking algorithm, each follower robot keeps a certain distance from

its leader robot. Each follower robot traces the similar trajectories with the leader

robot by keeping the leader in the center of. Fig. 9(a) shows an example of the

moving direction of the leader (represented by L) and the follower (represented by

F). When the group leader moves straight forward, the follower robots in the group

ideally have the identical trajectory, resulting in a simple line shape in a formation.

(a) γ = 0 (b) γ > 0 (c) γ < 0

Figure 9: (a) One follower analyzing the results of the line formation algorithm, (b)
one follower analyzing the results of the diagonal formation with the choice of positive
angles, and (c) one follower analyzing the results of the diagonal formation with the
choice of negative angles. The third control input, which is mentioned in Theorem
3.2, maintains the leader centered in the FOV of the follower robot.

On the other hand, by using the diagonal tracking algorithm, robots can form var-

ious shapes in a formation. While the line tracking strategy has one choice regarding

the relative angle (γ = 0), the diagonal tracking strategy has various choices for the
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angle. We can specify the angle (γ) of the follower’s relative bearing with respect to

the leader. As we discussed in Section 3.2 (see Fig. 8), the angle (γ) is a pre-defined

relative angle that a follower needs to be lined up with respect to a local leader. Using

the diagonal tracking strategy, the robots are diagonally formed and the angle of the

diagonal line in the formation depends on the choice of the relative angle (γ). It can

also change the direction of the follower robot to a left-sided or right-sided formation.

Figs. 9(b) and 9(c) show examples of possible fundamental shapes of a formation

when considering only the variable choices of the relative angle in diagonal tracking.

In the figure, a group leader is assumed to have the same forward motion and each

robot is assumed to choose the robot located in front of itself as its leader robot. In

this case the chains are linearly connected. The followers in Fig. 9 have different

following paths and formation shapes (line, left diagonal, and right diagonal shapes)

due to the choice of the user-defined angle (γ).

3.4.2 Choice of Leader Robot (Pairs)

As shown in Fig. 9, different group shapes of a formation are possible depending upon

the choice of the relative angle when following the leader robot. Besides the choice

of the strategies, the choice of pairs in a group affects the formation shapes as well.

Fig. 10 shows the primitive choices of pairs, of a leader and follower robots. Let us

recall that there is only one leader robot in each pair. There are a couple of reasons

why we assume one leader robot in a pair: (i) each follower robot needs to detect

and track multiple leaders from an image when considering multiple leaders in a pair,

which requires more computational complexity, (ii) it gets complicated when multiple

leaders move unexpectedly in the opposite directions, and (iii) it is very difficult to

have multiple leaders in an image from a monocular camera because the camera has

a narrow field of view.

There are two representative choices when selecting a leader robot in a pair; either

it is a shared leader or a seperate leader from the point of a follower robot as shown in

Figs. 10(a) and 10(b), respectively. When choosing a shared leader robot, a follower

robot must have enough space among each follower in order to avoid collision among

the followers of the same leader, and/or different distance from the leader robot as

shown in Fig. 10(a). That certain distance and angle can be pre-defined.
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Figure 10: The choice of leaders: (a) a shared leader by followers and (b) the cases
of choosing a seperate leader by one follower with different relative angle (γ).

The primitive choices of leaders (pairs of robots) as shown in Fig. 10 influence

different shapes in a multi-robot formation. Fig. 11 shows some examples of different

shapes based on the choice of both the motion strategies and the pairs of robots

in a formation. In Fig. 11(a) the first leader is shared by two followers and each

follower robot has a separate leader. It forms the V-shape formation. Fig. 11(b)

shows the choice of a separate leader for each follower. It forms the zigzag-shape

formation when each follower, in turn, chooses positive and negative relative angle

from its leader. Fig. 11(c) shows the diamond-shape formation in which there are

a combination of a shared leader and a separate leader. Fig. 11(d) is called as the

pyramid-shape formation. It also combines a shared leader and a separate leader

with the choice of the line formation, when γ = 0. We have discussed here several

examples regarding possible formation shapes, but there can be many more based on

the choice of varying relative distance and angle.

3.5 Dynamic Formation

We have dealt with the formation shapes, based on the choice of the leader and the

motion strategies. In this section, we discuss the dynamic formation process, in which

a group of robots in a formation may split into sub-groups or merge several sub-groups

into one. When a follower robot loses its local leader, it becomes a group leader in

a sub-group. We discuss the changes of the roles between a leader and a follower in



3 MULTI-ROBOT FORMATION 48

(a) The V-shape formation. (b) The zigzag-shape forma-
tion.

(c) The diamond-shape forma-
tion.

(d) The pyramid-shape forma-
tion.

Figure 11: Examples showing different formation shapes depending on the choices of
pairs in a group.
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Algorithm 3.1 below.

Algorithm 3.1 Dynamic Formation Algorithm

Input: robot = {Li, Fi}.
Output:

Repeat the following:

1. If robot = Leader, do the following:

(a) if it detects an original leader, do follow it. (merge two group)

(b) otherwise, randomly wander around (or move towards the goal).

2. If robot = Follower, do the following:

(a) if it detects a leader, follow the leader.

(b) Otherwise, it becomes a leader. (Set robot = Leader).

3.6 Experimental Results

This section presents the experimental results of our multi-robot formation con-

trol through simulations and various real-robot experiments. The simulation results

demonstrate how the pair-wise line and diagonal formation controls work for multi-

ple robots. For the real-world experiments, we use a revision of the Explorer robots

[114], shown in Fig. 12. The simulation is implemented and executed on MATLAB,

and the leader has constant linear and angular velocities. One can understand the

size of the robots by comparing them to the ruler as shown in the picture. Each

robot is equipped with a camera, an analog video transmitter, Bluetooth hardware

for communicating commands and sensor readings, and differentially driven wheels.
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Figure 12: Miniature robots called the Explorers, developed at the University of
Minnesota. The robots are set next to a 12cm ruler for size reference.

3.6.1 Simulation Results

In this section, we show the simulation results of how well the proposed control algo-

rithms work. The simulation results prove that the control algorithms theoretically

work. For our simulation there is time delay of one per eight steps for each follower

robot in order to reconstruct a similar situation in the real experiments. In addi-

tion, we assume that there is an error rate of up to 10% in the estimation of the

distance to the leader robot. In our experiments we set 0.05m/2 and 0.05rad/s, and

0.011m/s and 0.03rad/s for the leader’s constant linear and angular velocities in the

line and diagonal formations, respectively. In the control loops, there are 100 and 150

iterations for the line and diagonal formations, respectively.

We tried three- (two-pair) and six-robot (five-pair) cases in which the first leader

has constant velocity. In our simulations we want to see if our proposed formation

algorithms work without evaluating the effect of the image processing to detect the

target. We, therefore, simplified the simulation so that the followers have information
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(a) Trajectory for the line formation. (b) Trajectory and the snapshots of the diagonal
formation.

(c) The line formation for the 5-pair robots. (d) Trajectory and the snapshots of the diagonal
formation.

Figure 13: Simulation results for the line and diagonal formation control for two pairs
(three robots) of the formations (top) and five pairs (six robots) of the formations
(below). In the trajectories the red circles show the leader while the blue squares and
green hexagons denote each follower. The lighter color squares in (b) represent the
expected F ′ position. The other followers in the six-robot formations are denoted by
pink stars, light blue crosses, and yellow triangles, respectively. Note that the x- and
y-axes units are in meters.
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about the position of their leader. Fig. 13 shows the simulation results for the line

and diagonal formations for two and five pairs respectively. Each follower recognizes

the robot in front of itself as the leader.

The simulation results for the line formation in Figs. 13(a) and 13(c) prove that

the followers continuously keep a path similar to the leader. On the other hand, each

follower’s trajectories in the diagonal formation, as shown on the simulation results

in Figs. 13(b) and 13(d) vary depending upon the choice of the angle (γ). The larger

the user-defined angle γ, the larger the gap between the leader and follower. For the

simulations, the user-defined angle (γ) is π
4
, and the desired distance from the new

follower’s position is ld = 0.14m. The new poses for each follower in the diagonal

formation, computed by Eqs. (11) ∼ (13), are represented by the square boxes with

lighter color in Fig. 13(b).

3.6.2 Real-robot Experiments

The proposed formation control algorithms are run using two or three Explorers in

uncontrolled indoor environments. The Explorer robot has analog video transmission

capability and this is a limitation on the robot only, and not on the approach of this

thesis. In these experiments, the first leader has constant linear and angular veloc-

ities. Although the first leader has constant velocities, the rest of the leaders have

unpredictable velocities, which means that the leader may take different velocities

including zero, which the follower has no prior knowledge. The reason for trying sev-

eral different velocities for the leader is so we can examine the results of the proposed

control algorithms (refer to Table 1). The First robot is programmed to be a leader

which has constant linear and angular velocities. However, each follower robot moves

and stops continuously according to the completely distributed algorithm presented

in this work. This is due to the controller directing them to stop and estimate the

leader’s next state. The followers’ images are processed by about 1frame/s (varying

due to the processing time for target detection and tracking) as all Explorers are

required to share a single frequency for video transmission, resulting in delays from

turning the transmitters on and off.
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(a) The line formation. (b) The diagonal formation.

(c) The snapshots of the line formation in (a). (d) The snapshots of the diagonal formation in
(b).

Figure 14: Result showing the ground truth data of the trajectories in the line (a)
and the diagonal (b) formations and the respective snapshots ((c) and (d)) of the
formation for two robots. The data was captured from a VICON system. The blue
lines and the red dashed lines are the ground truth sets representing the leader and the
follower, respectively. The green circles are the positions where the control velocities
shown in Figs. 15(a) and 15(b) respectively are executed. Note that the x- and y-axes
units are in meters.
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(a) The selected velocity in (a). (b) The selected velocity in (b).

Figure 15: Continued from Fig. 14. Note that the x- and y-axes units are in meters.

Table 1: The leader robot’s data for experimental setups.
Fig. 16 Fig. 17(a) Fig. 17(c),

Fig. 18
Fig. 19

Linear velocity (m/s) 0.021 0.015 0.017 0.02
Angular velocity (rad/s) 0.023 0.013 0.023 0
Turning radius (m) 0.85 1.2 0.65 0

The first experiment is designed to show the ground truth data of the robots’

real trajectories. Fig. 14(a) is the result of the line formation with two robots, one

leader and one follower, and Fig. 14(b) is the trajectories of robots executing the

diagonal formation. Figs. 15(a) and 15(b) are the executed control velocities for the

line and diagonal formations, respectively. To get the position data for ground truth,

we used a VICON system (a six-camera motion capture system) in order to show

the accuracy of the trajectories. We put four markers on top of each robot for the

VICON system, and we get the center position corresponding to the robot’s actual

position. The blue dashed line and the red line in Figs. 14 and 15 are the trajectories

of the leader and the follower, respectively. In the line formation, the follower had

a similar trajectory with the leader. In the diagonal formation, the angle γ is set

to π
6
. The follower’s trajectory is not smooth in the diagonal formation because it

has three control inputs of one linear and two angular velocities. The second angular
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(a) Estimated trajectory. (b) The snapshots of the formation in (a).

(c) Velocity of the follower 1. (d) Velocity of the follower 2.

Figure 16: Results for the line formation control using three Explorers. The first
leader has constant velocity of v = 0.021m/s and w = 0.023rad/s (radius ' .85m).
These show the estimated relative positions of the robots by using the image mea-
surements from each follower: trajectory (a) and the snapshots (b). The leader, the
1st, and the 2nd followers are represented by the blue circles, the red squares, and
the light blue diamonds, respectively. One may note the chosen linear and angular
velocities for the followers in (c) and (d).
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velocity is so that the follower maintains the leader in the center of its FOV. At each

time interval, the follower stays at its current position to control the second angular

velocity and thus we have a discontinuity (non-smooth curvature) on the follower’s

trajectory (Fig. 14(b)).

Figs. 16(a), 17(a), 17(c), and 18(a) show the result of the estimated trajectories

of the followers given different velocities for the leader. The red circles correspond to

the estimated trajectory of the leader using the image measurements from the first

follower. The blue squares and the light blue diamonds are the trajectories of the

first and the second follower respectively using the controlled velocities. Figs. 16(b),

17(b), 17(d), and 18(b) show the snapshots of the formation corresponding to the

trajectories in each figure. To better understand, we chose five different colors to

represent consecutive snapshots of each formation.

Figs. 16 and 17 show the results of the line formation. Based on the choices of

linear and angular velocities, the turning radius of the leader’s trajectory varies (refer

to Table 1). Using the proposed techniques, the robots (followers) could realize each

leader’s position and follow a similar trajectory to that of the leader’s (as long as the

encoder information is correct). Figs. 16(c) and 16(d) are the selected linear and

angular velocities by the proposed control law for the first and the second followers,

respectively. The error rate for the formation paths is based on the leader segmenta-

tion errors as computed on the image plane, which is very challenging without special

marks. Here, we programmed the first leader to move in a circle, since robots with a

monocular camera have more difficulty (due to changes in angle) in a circle formation

than in a straight line formation.

Fig. 19 displays the analysis in terms of formation shapes by using the proposed

control algorithms when the leader has a constant linear velocity with zero angular

velocity. In Fig. 19(a), the followers controlled by the line formation take a similar

trajectory with their leader. In Fig. 19(b), we show the followers controlled by the

diagonal formation algorithms with the angle γ being π
6
. There are two pairs of robots

in the experiments shown in Figs. 19(a) and 19(b). The control algorithm with the

choice of the same angle (γ) results in a stair-shape formation as in Fig. 19(b).

Fig. 19(c) shows the V-shape formation. In this case the leader has a constant linear

velocity as the other cases do, but the followers have been controlled with the opposite
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(a) Estimated trajectory. (r = 1.2m) (b) The snapshots of the formation in (a).

(c) Estimated trajectory. (r = .6) (d) The snapshots of the formation in (c).

Figure 17: Results for the line formation control with different choices for the leader’s
velocity. The leader has the constant velocities of v = 0.015m/s and w = 0.013rad/s
(radius ' 1.2m) (up) and v = 0.017m/s and w = 0.023rad/s (radius ' .6m)
(down). These show the estimated relative positions of the robots by using the image
measurements: trajectories ((a) and (c)) and the corresponding snapshots ((b) and
(d)). Note that the x- and y-axes units are in meters.
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(a) Estimated trajectory. (b) The snapshots of the formation.

Figure 18: Results for the diagonal formation using three Explorers. These show the
relative position of the leader (the blue circles), estimated from the first follower (the
red squares), and the second follower (the light blue diamonds). Note that the x- and
y-axes units are in meters.

signs of the angle; γ = −π
6

for follower 2 (represented by the light blue diamonds)

and γ = π
6

for follower 1 (represented by the red squares). The blue circles in the

figure are the estimated leader’s trajectory from the first follower. This experiment

also has two pairs of robots, but the followers share the same leader.

Finally, Fig. 20 compares the estimation results by using the proposed method

with the EKF estimation. This experiment implements a leader with unpredictable

motions (programmed with randomly generated linear and angular velocities includ-

ing stop-and-go segments). Fig. 20(a) shows that the follower using the EKF esti-

mation failed to follow the leader; and, the estimation of the trajectory for the leader

was not correct due to the leader’s unknown velocities (non-Gaussian noise). This

occurs because the follower has no information about the leader’s unpredictable mo-

tions. On the other hand, the estimated trajectory of the follower using the proposed

algorithm was similar to the leader’s trajectory.

For the experiment we programmed the leader robot with unpredictable motions:

the linear velocity in the range of 0.11 ∼ 0.17m/s and the angular velocity within

the range of 0.01 ∼ 0.33rad/s. In addition, it has stop-and-go segments with a

two second stop per every one second movement. The state for the EKF estimation
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(a) The line formation. The
followers exhibit similar tra-
jectories to their leader’s.

(b) The diagonal formation
with the choice of the same
value of γ.

(c) The diagonal formation
with the choice of the oppo-
site signs of γ for each follower
and the same leader.

Figure 19: Analysis of the formation shapes. The blue circles correspond to the
estimated trajectory from the first follower. The first and the second followers are
represented by the red squares and the light blue diamonds. Each result shows a
different shape in a formation. In (b) and (c), it forms the stair-shape and V-shape
formations, respectively. Note that the x- and y-axes units are in meters. The green
dashed lines are the snapshots of the formation.

consists of the pose of the follower, and the positions and velocities of the leader,

which is represented by s =
[
xF yF θF xL yL ẋL ẏL

]T
.
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(a) (b)

Figure 20: Comparison of the EKF estimation (a) with the proposed estimation (b)
when the leader has unpredictable velocities. The EKF eventually failed to follow the
leader in this case, while the proposed algorithm worked fairly well.
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4 Visual Tracking with Target Segmentation

Visual tracking deals with the problem of developing algorithms to automatically

track targets of interest using digital video images obtained with a camera system.

It generally attempts to track a moving target on consecutive images. The main

objectives in this problem are how the image measurements for a target can be best

acquired and how the movements of a target can be represented. There has been

significant investigation which has resulted in numerous visual tracking techniques.

The techniques are divided in two major categories depending on whether the camera

is stationary or moving. They also require different setup depending on the specific

application and scenario. For more accuracy as is the case for security or surveillance

application, static and relatively accurate cameras have been considered. However,

the algorithms are computationally expensive as well as it may be costly to use

multiple cameras in order to overcome the limitations of views. In this thesis, we

consider the visual tracking problem on robotic platforms (moving cameras). The

problem includes not only tracking a target in the image plane, but also to estimate

its real position in the real-world coordinate system. The problem of tracking a

moving target with a moving camera system is even more complicated, because both

the background and the target change on the images planes due to the fact that

both the camera platform and the target are moving. Both of these movements are

significant in terms of estimating the pose.

In order to track a target, we need to extract (segment) the area representing the

target. However, the issues of segmenting the target in a dynamic scenario, where

both the target and the camera system are moving, are many and complicated and

thus have not been fully addressed in the literature. It depends on whether or not

a camera is following a target with similar trajectories. When a moving platform

with a camera follows a target, they have similar trajectories. The motions of the

target projected on the consecutive images are dependent on the trajectories of both

the camera and the target. When a camera follows the target, they have similar

trajectories, and the target is shown as an object moving forward or backward on the

images. The examples are shown in Figs. 21(b) and 21(d). A temporal difference

image gives parts of the entire shape of a moving target (depending upon the target’s
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movement for the duration of consecutive image capture) as shown in Fig. 21(f).

When a (ground) target is imaged from above (top-down scenario) or from a sideview

camera (ground-to-ground scenario) where the target and the camera are moving in

different paths, the target appears to have side-wise movements on the image plane.

When we take the TD between successive frames, it gives the entire shape of the

moving target, as shown in Fig. 21(e).

In this thesis, the visual tracking problem assumes that a moving platform with

a camera system follows a target which has similar trajectories. As we discussed in

Sections 1.1 and 1.4, we have several challenges in our visual tracking problem. The

challenges include unpredictable motions of the target, no special markers attached

on the target, and low camera frame rates. To deal with these challenges, this the-

sis presents a new target segmentation method. The proposed object segmentation

method is applied to the robotic following problem in multi-robot formations. The

target segmentation technique will extract a bounding box representing the target

area on an image. For dynamic visual tracking, we also need to estimate relative

information for the target to be transformed to the real-world coordinate system.

To transform the information from the image plane to real-world coordinate sys-

tem, we need to extract the target projected on 2D images with respect to the cam-

era’s coordinate system. When we extract a target from images, we compute image

measurements, which are the relative distance and bearing between a platform with

the camera and its target. Using these measurements we can estimate the target’s

relative position each time with respect to the real-world coordinate system of a fol-

lower platform with a camera system. Our new target segmentation method combines

the process of finding candidate target areas and the process of matching them with

a target model. Since both the target and the camera system are moving, we first

discuss in Section 4.1 the motion representation for a moving target and the follower

models. Second, we take into account the techniques of image measurements and

object segmentation in Section 4.2 and 4.3, respectively. We then discuss the object

segmentation algorithm regarding how to acquire a bounding box for the target on

consecutive images in Section 4.3 and matching algorithms in 4.4. Finally, the match-

ing algorithm is covered in Section 4.4.3 to enhance the matching results in order to

segment the target.
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(a) (b)

(c) (d)

(e) (f)

Figure 21: Examples of TD images to show the difference (1) when the camera is
pointing top-down at the target, the target appears to be having side-wise movements
(left) and (2) when the camera is following the target from the rear, the target appears
to be having forward/backward movements (right).
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4.1 Motion Representation

In our visual tracking problem, a follower platform gathers information only from

its camera system mounted on itself. Traditionally, the motion of a target has been

represented by its velocities. They have been estimated by using probabilistic methods

such as Kalman Filters. However, the velocity-based target representation for the

kinematic model is not useful in our case. The reasons are that (i) it requires more

consecutive images to estimate velocities than to estimate relative position in terms

of measuring information, and (ii) filtering methods based on prediction models are

not of much use when estimating unpredictable motions of a target. Therefore, we

present a new geometric-based target representation for the target’s motion.

4.1.1 Target Motion Model: Relative Position

This section discusses the relative coordinate system and the representation of the

target model. Our visual tracking problem only considers a local camera mounted on

each robot. Instead of estimating the velocities of the target, we present a method

to estimate geometric information regarding relative position from the following plat-

form. Since we have no global position information, we consider the concept of a new

relative coordinate system. We define the relative coordinate system as the initial

relative coordinate system of a moving platform with the camera.

Definition 4.1 The Relative Coordinate System is the initial Cartesian coordinate

system of a moving platform (or robot) with the camera system. The heading direction

of the moving platform is the y-axis while the perpendicular line is the x-axis.

The image measurements are the relative depth and orientation of the target with

respect to the camera coordinate system; we then transform the image measurements

of the leader robot from its follower platform from the camera coordinate system

to the relative coordinate system as shown in Fig. 22. Let {F0} be the relative

coordinate system in the plane (the xy-plane), and let {C} be a coordinate system of

the moving platform at the current time. The target’s relative position in terms of

the relative coordinate system is represented as follows:

F0PT =F0 PC +R(θC)CPT , (18)
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(a) The relative coordinate system. (b) The relative position of a target.

Figure 22: Examples showing (a) the relative coordinate system of a moving platform
and (b) the relative position of a target with respect to the relative coordinate sys-
tem. Here, {F0} and {C} represent the relative and the current coordinate systems,
respectively.

where CPT =
(
Xr Yr

)T
denotes the relative position of the target with respect

to the current coordinate system of a follower, R(θC) =

(
cos θC − sin θC

sin θC cos θC

)
is a

rotational matrix of a moving platform with a camera, and F0PT represents a position

of a target with respect to the relative coordinate system. Here, F0PT and CPT are in

<2. The relative position along the current coordinate system of a moving platform

with a camera is represented by

Xr = l cosα (19)

Yr = l sinα, (20)

where l and α are computed by Eq. (30) along with the image measurements (the

x-projection (l) and the centroid (c)) of the leader. More details are illustrated in

Section 4.2.2.
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4.1.2 Moving Platform Motion Model

This section illustrates the representation of the model for a moving platform with a

camera that needs to follow a target. We represent the moving platform’s model as a

kinematic model consisting of the linear and angular velocities. We control each mov-

ing platform based on the image measurements. Since we control the moving platform

with the camera, we assume that we know its velocities. Let PC =
(
xC yC θC

)
denote the pose of a moving platform with the camera at the current time. The

moving platform’s velocities are estimated as

ẋC = ν cos θC , (21)

ẏC = ν sin θC , (22)

θ̇C = ω, (23)

where ν and ω are the linear and angular velocities of the moving platform with the

camera, respectively.

4.1.3 Analysis of Motions (Viewing Angles)

This thesis deals with a monocular camera attached on the side of a moving platform.

The visibility of a target is related to the target’s motions as well as the camera’s

movements. Fig. 23 illustrates the cases showing different poses of a target with

respect to the moving platform with the camera as the target moves in the diagonal

formation discussed in Section 3.2. In this figure, the following platform with the

camera is controlled by the control laws described by Eqs. (10) and (17). After the

target moves, the follower platform detects the target’s motion at the next time step.

This is feasible as long as the time difference ∆t is small enough to guarantee the

detection of the target’s motion (change).

The visibility from a pinhole camera requires the following equation:

|α′| = | − θF ′ + arctan (yF ′ − yL, xF ′ − xL)| < σ

2
, or (24)
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(a) ωL = 0. (b) ωL > 0. (c) ωL < 0.

Figure 23: The red robot and the blue robot show the follower and the target at times
t and t+1, respectively. The square box below each figure represents the image plane
grabbed by the camera mounted on the follower robot in each case.

| tanα′| =| νL∆t sin (θF ′ − ωL∆t)

ld + νL∆t cos (θF ′ − ωL∆t)
|

<| tan
σ

2
|

(25)

where α′ is the relative bearing between L(t + 1) and F (t + 1), σ is the maximum

available angle of view of an involved camera (in our case and in most other monocular

cameras’ cases σ ≈ π
2
), and L′ is the target’s position at time t+ 1.

4.2 Image Measurements

In this section, we discuss how to register consecutive images when a camera mounted

on a moving platform introduces background motion in the image plane due to the

platform/camera motion. We also take into account how to acquire the information

of image measurements for our visual tracking.
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4.2.1 Image Registration

This section considers how the objects in the real-world 3D coordinate map on the

image plane when the camera is moving due to the motion of the moving platform

that carries it. The velocity when a camera or a target is moving is discussed in [83],

but our interest is the velocity of the case when both the camera and the target are

moving. Let T = (νx, νy, νz)
T and R = (ωx, ωy, ωz)

T denote the linear and angular

velocities of the camera platform, and P = (px, py, pz)
T be the position of an object

in the 3D space. We assume Q = (q1, q2, q3)T is the velocity of moving objects (q1, q2,

and q3 ∈ <). Then, the velocity of a moving object with respect to the moving camera

frame is

Ṗ = −T −RP +Q. (26)

The perspective projection (x, y) on the 2D image plane from the position P is rep-

resented as x = px
pz

and y = py
pz

, and the derivatives of (x, y) are

ẋ = (
ṗx
pz
− xṗz

pz
), and ẏ = (

ṗy
pz
− y ṗz

pz
). (27)

From the Eqs. (26) and (27), the derivatives of x and y on image plane are represented

as follows:

ẋ = (
xνz
pz
− νx
pz

) + (xyωx − (x2 + 1)ωy + yωz) +Ox (28)

ẏ = (
yνz
pz
− νy
pz

) + ((1 + y2)ωx − xyωy − xωz) +Oy, (29)

where Ox = ( q1
pz
− xq3

pz
) and Oy = ( q2

pz
− yq3

pz
) in the case that both the camera and the

target are moving.

Image registration is the process of compensating for the differences between con-

secutive images, due to the camera’s motion. This requires to find coefficients for

image translation and scaling during the process. From Eqs. (28) and (29), we know

that the derivatives of the positions on an image plane for both the moving object

and the moving camera are not proportional to px or py. When we assume that the

linear and angular velocities for the moving camera are known, we can estimate the

depth in the case of static objects. We can also estimate it when we have predictable
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motions of the moving object. However, we have to assume that moving objects ex-

hibit sudden accelerations or decelerations. Under these assumptions, the equations

regarding ẋ and ẏ are unsolvable due to the four unknown variables (q1, q2, q3, and

pz). Matching features promises to estimate the values of the variables q1, q2, and q3

to solve Eqs. (28) and (29).

For image registration at time t, we apply translation and scaling on the image.

The translation and scaling factors are based on the average differences of ẋ and ẏ.

Let fi be the matching features and fi(~u) = (fi(~u), fi−1(~u))T , where ~u = (ẋ, ẏ)T and

i = 1, ..., N , and N is the number of features. We now classify the matching features

into moving or static objects, and

Si = {~u|‖fi(~u)‖ < 1

N
ΣN
i=1‖fi(~u)‖}

represents a set of static object features. The norm of the vector u has outstanding

differences that correspond to moving features that have a different moving direction

from the one associated with the camera platform. The slope for each matched

feature is also used. We classify the matched features into 4 classes represented by

{SE,NW,NE, SW}.
Icomp(~x) = A~x+ ~z,

where A =

(
δx 0

0 δy

)
, ~z =

(
αx − ε1
αy − ε2

)
, and ~x = (x y)T . The translational and

scaling factors are

αx =
1

|S|
Σ
|S|
i=1Si

and

δx = mW (~x)−mE(~x)

, where mW (~x) and mE(~x) are the mean of the classes {SW,NW} and {SE,NE} on

the x-axis, respectively, and ε1, ε2 ≈ 0.
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4.2.2 Target Measurements

Measuring the relative distance and bearing between a target and a following platform

with a camera sensor provides the necessary information about the target when the

follower with the camera maintains the desired distance from the leader. Let us

assume that we initially know the camera focal length (f) and the length of the

robot base (h). The relative information about the distance (l) and angle (α) can be

computed as follows:

l =
h

lx
f and α = arctan(

1

f
(
M

2
− Cx)), (30)

when the image resolution is N ×M . The variables lx and Cx represent the width in

the x-axis and the center of the extracted bounding box, and are measured from the

images at each time instant t.

As we can see in Eq. (30), there are two image measurements to compute the

relative depth and bearing between a target and a follower platform. The two mea-

surements are the width in the x-axis and the center of the target represented by lx

and Cx respectively in the equation. Fig. 24 shows an example of an extracted target

robot (the target), represented by a bounding box. In the figure, Cx is the measured

center and lx is the measurement for the x-projection of the leader. The information

about the relative distance and bearing is utilized for the relative position estimation

as in Eq. (18). Using the information in Eq. (30), the relative position of the leader

with respect to the follower’s frame is described by Xr = l cosα and Yr = l sinα.

4.3 Target Segmentation

We discussed the representation of the models for a target and a following platform

based on their motions in Section 4.1 and the image measurements for our visual

tracking in Section 4.2. In this section, we present a new target segmentation tech-

nique. As we discussed in Section 1, we have several challenging issues in our target

segmentation. There is no special marker attached on the target, and the target

robots may have unpredictable motions (stop-and-go segments). Because of the load

of on-line real-time image processing, while the moving platform follows the target, a
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Figure 24: An example showing how to measure the relative information between the
leader and the follower from an image. The width (lx) of the leader and the center
position (Cx) are measured as a result of the image segmentation.
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camera may grab images with a certain gap in time (time lag), which results in low

camera frame rate. As a result, much of the prior work for object segmentation, such

as SIFT or template matching, have drawbacks. Template matching requires fixed

sizes for the target model. The SIFT method is robust in matching a target with

different sizes, but it is a point-wise matching method which is prone to have large

mismatches. We cover feature representation in Section 4.3.1 and an entropy-based

clustering method to find candidate regions in Section 4.3.2. We then discuss the

matching method in Section 4.4.

4.3.1 Feature Representation

In this thesis, we deal with robots that may include stop-and-go motion segments.

The following robots with a camera have no motion while they compute the image

measurements from consecutive images. However, the robots have slight movements

due to the inertia from their previous motion. This causes some noise when we take

the temporal difference of consecutive images. The existing segmentation or matching

methods are not promising for our problem: (i) pixel-based matching methods such

as SIFT are prone to have big errors even though they have a very small numbers of

mismatches, (ii) the sizes of matched areas for a target must be flexible, and (iii) the

methods should be fast enough for the execution of real-time following tasks. Most

existing techniques require high-frame rate (at least 5 fps) to detect the target which

must have smooth motions, as well as slow motions of the camera platform.

Image segmentation techniques often break-up a target into several smaller com-

ponents, due to various reasons (target structure, low contrast, illumination changes,

partial occlusion/overlap with ground clutter, etc.). We present a technique which

combines small cluster segments into one meaningful target boundary. We consider

two feature representation for our new target segmentation method. One is the TD

image of consecutive gray-scale images, and the other is based on the colormap of

an image. The features from TD images are aimed to reduce the number of candi-

dates, and the features of the colormap are utilized to improve the matching results.

We use a temporal difference method to find a candidate region for the target. The

feature selection starts with the image differences applied to consecutive images. To

apply the TD method, the RGB values are converted to gray-scale, and the values



4 VISUAL TRACKING WITH TARGET SEGMENTATION 73

are plugged into the following equation:

Tt(x) = |[ηIt−1(x) + (1− η)It−2(x)]− It(x)|, (31)

where η is a constant number with 0 ≤ η ≤ 1 and It, It−1 are consecutive images.

The time step t increases after the following platform moves while we start at t = 1.

We use only a few consecutive images for the TD method at a time since we deal

with a camera mounted on a moving platform. The feature selection process includes

a median flter to reduce noise as well. We threshold the TD result and convert it to a

binary image (0 for the empty pixel and 1 for the occupied pixel). The features used

for the proposed clustering algorithm are the histograms of occupied pixels from the

TD image, applied to each axis separately and the TD image itself. For matching,

we also consider other features to increase the accuracy. The discussion about the

matching methods is in Sections 4.4.2 and 4.4.3.

For the feature representation using colormap, we introduce feature characteris-

tics. Target segmentation is used to separate a target object from its background.

While the features from TD images are used to reduce the number of candidate tar-

get regions, the features obtained from colormap are used for target matching. Since

we consider that both (the camera and the target) are moving, flexible sizes of the

target need to be dealt with in the matching method. A traditional method is to use

color histogram which is suitable for various sizes of regions. Some promise has been

shown recently by a covariance-based matching method. This thesis presents the use

of different combinations of features to improve matching results.

An image is encoded by the pixels’ color (or gray scale) intensity. Let IM×N =

{(x, y)|x = 1, · · · , N ; y = 1, · · · ,M ;N,M ∈ N} be a set of pixel positions on a m×n
image. From images or image regions, one can extract higher level information fea-

tures such as gradient, texture, and so on. These features are used to form covariance

descriptors of the respective regions. Let

φ(pi) ≡ vi, (32)

where pi ∈ Im×n and vi is a d × 1 vector representing information in the ith pixel.

Here, d is the dimension of information in a pixel.
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(a) Robot 1. (b) Robot 2.

(c) D+C+G (d) P+C+G (e) SIF:D+C+G (f) D+F+G (g) D+F+G+Gr

(h) D+C+G (i) P+C+G (j) SIF:D+C+G (k) D+F+G (l) D+F+G+Gr

Figure 25: The comparison of the covariance matrices with different features for two
images showing different robots: robot 1 in 25(a) and robot 2 in 25(b). They have the
same shape, but different colors. The covariance matrices are represented in images
(color maps) in 25(c) ∼ 25(g) for robot 1 and 25(h) ∼ 25(l) for robot 2. The features
in each covariance matrix are D, F, G, P, C, and Gr, which stand for distance of each
pixel from the center of a bounding box, Fourier, gradient, position, colors, and gray,
respectively.
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We have used a variety of pixel features to form covariance descriptors (matrices).

Fig. 25 shows the comparison of covariance matrices (represented in a color map)

of different features. For comparison, we choose two different robots with the same

shape, but different colors (black for robot 1 and white for robot 2). We attempted

five combinations (based on colors, Fourier transforms, and SIFT) of features. Table

2 shows the results of the similarity measure given by Eq. (44) between two corre-

sponding covariance matrices shown in Fig. 25. The smaller the distance measure,

the more similar they are. Although the two robots have different colors, they have

almost the same shape. The color-based features ((c),(h) and (d),(i)) show relatively

stronger dissimilarity, while the Fourier-based features ((f),(k) and (g),(l)) show re-

semblance. The images in the figure are clear, but in general, the quality of images

acquired in real-time from a robot is often not as good.

Table 2: The relations among the features, dimension, and matching distance about
the covariance matrices shown in Fig. 25.

index features dim distance
(c), (h) distance + colors (R/G/B) + gradient 6 1.49
(d), (i) position + colors (R/G/B) + gradient 7 1.55
(e), (j) SIF: distance + colors (R/G/B) + gradient 6 1.5
(f), (k) distance + Fourier + gradient 5 0.48
(g), (l) distance + Fourier + gradient + gray 6 0.79

From this perspective we try to apply and combine several features. We charac-

terize the information which we are able to get from an image as follows:

• Colors: RGB, HSV, grayscale, · · ·

• Shape: Gradient, Laplacian, corners, · · ·

• Geometry: Position, distance of each pixel from the center of a bounding box

representing a target, · · ·

• Transformation: Fourier transform, · · ·

• Scale-invariant features: Pixels with the SIFT descriptors within a candidate

region.
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Fourier Transform Features The discrete Fourier transformation converts an

image from the spatial domain to one in the frequency domain. It is represented as

a circular function, combining sine and cosine functions. Fourier transforms result in

complex numbers consisting of the real numbers and the imaginary part as follows:

Fi(u,w) =

x2∑
x=x1

y2∑
y=y1

IR(x, y) exp
−2iπ( ux

|RX |
+ wy
|RY |

)
(33)

= |Fi(u,w)| expiΦi(u,w), (34)

where |Fi(u,w)| =
√
Re(Fi)2 + Im(Fi)2, Φi(u,w) = tan−1( Im(Fi)

Re(Fi)
), and |RX | =

x2 − x1 + 1, |RY | = y2 − y1 + 1, 1 ≤ x1 ≤ x2 ≤ N , 1 ≤ y1 ≤ y2 ≤ M . Here,

the magnitude and phase are |Fi(u,w)| and Φi(u,w), respectively. Note that IR =

{(x1, y1), · · · , (x2, y2)} ⊂ I is a set of the positions in a region R. We use information

of the magnitude and phase as features for our matching as follows:

vTFmag
= [· · · |Fi(xj, yk)| · · · ], (35)

vTFphase
= [· · ·Φi(xj, yk) · · · ], (36)

where x1 ≤ xj ≤ x2 and y1 ≤ yk ≤ y2.

We use two representative pieces of information (the magnitude and phase) in

the Fourier transform as features of a covariance matrix. When converting an image

using the Fourier transform, we apply it to a selected candidate region instead of

applying it to the entire image. Since the Fourier transform includes low to high

frequencies in the image, each candidate region should be separately transformed for

target matching.

Scale-Invariant Features The SIFT matching algorithm relies on a distance

measure of corresponding pixels. Although it gives robust descriptors under scale and

orientation changes, the variation between images must be slight. As we discussed in

Section 2, it is prone to have larger errors when finding a target bounding box. In

this work, we have tried to use only scale-invariant features for a covariance matrix

in order to apply it to a region-based matching. We first apply the SIFT algorithm,
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and then choose the SIFT descriptors as features of a covariance matrix. Instead of

considering all pixels in a region IR, we only select the SIFT descriptors in the region.

For a candidate region (IR) and a set of SIFT descriptors (SR ⊂ IR),

φ(pi) = vi,∀pi ∈ IR ∩ SR.

4.3.2 Entropy-based Clustering

We discussed the feature representation for our target segmentation method. This

section deals with a new clustering method to extract bounding boxes representing

candidate target regions. A variable-sized window is mandatory since a target is pro-

jected with flexible sizes on real-time images, depending upon the movements of the

target and follower platforms. In addition, we have no idea where a target is in con-

secutive images since the robot-mounted camera is moving, often at an unpredictable

velocity. The factors of movement and unpredictability cause computational load.

We, however, need to pick a small number of possible areas having unpredictable

sizes and locations from each image for real-time processing.

We will illustrate a simple target segmentation method based on histograms in

Section 4.4.2; however, it is restricted to choosing a candidate within a pre-defined

length of interval. To compensate for this limitation and improve time performance,

an entropy-based clustering algorithm is proposed. The purpose of the clustering

algorithm is to group good features tightly coupled horizontally or vertically, and

eventually find candidate bounding boxes containing the boundary of the target.

Let X = {x1, ..., xn} be the set of features, where xi ∈ <d. Assume that there

are k clusters C1, ..., Ck. The goal is to group features in each cluster Ci along with

the estimate of the parameters. The features for the clustering method are the TD

images, so the information here is each pixel’s difference in consecutive images on a

TD image plane. The example clustering results shown in Fig. 26 tell us of several

issues when applying the existing clustering algorithms. These issues arise because of

the characteristics of the data (features); the number of clusters and the parameters

are flexible in each image, and the features for a target are differently represented in

each data (image difference). Fig. 26(b), which shows the results of the Expection

Maximization (EM), which looks promising to find enough candidate clusters when
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a proper number of clusters are given to the algorithm. However, Fig. 26(e) shows

lack of clusters to construct a bounding box for a target since another moving object

(a hand in this case) contains more features than the target.

(a) k-means (b) EM algorithm (c) DBSCAN

(d) k-means (e) EM algorithm (f) DBSCAN

Figure 26: Comparison examples when different classification algorithms are applied
with the same number of clusters k = 7 for 26(a) and 26(b), and k = 5 for 26(d) and
26(e). In addition, 26(d) ∼ 26(f) include other moving obstacles.

The first issue with clustering algorithms therefore is the choice of the proper

number of clusters. Some formal methods that identify the best number of clusters

for unsupervised classification are introduced in [34] and [107], but those methods

involve human subjectivity. In the case of the segmentation of a target amongst other

obstacles, the selection of the proper number of clusters is more complex as shown in

Fig. 26(e). The second issue with clustering algorithms is that forward or backward

movements of a moving object can cause changes in the shape representation on

the image difference. The example shows the significant TD between the side-wise

movement (traverse motion with respect of the line-of-sight of the camera) of the

hand, and the forward/backward movement (longitudinal motion with respect of the

line-of-sight of the camera). The third issue is shown in the comparison of the results
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in Figs. 26(a) ∼ 26(c) and Figs. 26(d) ∼ 26(f), respectively. Probabilistic clustering

methods such as the K-means or the EM [116] construct clusters that have Gaussian

correlations in subspaces of attributes, but they require correct number of clusters.

Density-based methods such as DBSCAN [35], on the other hand, are effective in

finding a density-based object shown in 26(f). However, it is not well suited when the

target in the TD image has been broken into discontinuous small segments, which is

the case in the problem that we are addressing in this thesis. For example, the hand

and a part of the robot, which is supposedly in different clusters, were classified in a

same cluster as shown in Fig. 26(f).

For these issues, we consider an uncertainty measure from the concept of the

entropy in information theory in order to decide the number of clusters. The amount

of uncertainty represents how much information is involved in the selected attribute.

If we assume that A = {a1, a2, ..., an} is a set of attributes and B = {b1, ..., bk} is a set

of possible elements, then the entropy of each attribute is represented by the formula

E(ai) = −
k∑
j=1

(
hai(bj)

MN
log2

hai(bj)

MN
), (37)

where
hai (bj)

MN
is a probability function using histogram (h) of ai for each bj. From

Eq. (37) we choose the best informative attribute with minimum entropy as in Eq.

(38). Since the entropy shows the amount of uncertainty, we choose the attribute

with minimum uncertainty.

amin = arg min
ai∈A

E(ai)∑
aj∈AE(aj)

, (38)

When every attribute in the feature space is co-related with each other, the choice of

the minimum entropy helps to pick an attribute with the most concentrated features

(fewer clusters).

For instance, the histogram on the x-axis for a M × N image is a function of

assigning each column (1 ∼ N) to the number of pixels having differences (the value

one) in rows (1 ∼ M). Fig. 27 shows a simple example: a TD image of 3 × 4

pixels, the histogram on the x-axis, and the histogram on the y-axis. Fig. 28 shows
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(a) A TD image. (b) The histogram on the x-axis. (c) The histogram on the y-axis.

Figure 27: An example showing a TD image and the histograms applied on the x-
and y- axes. In the TD image the black pixels are represented by “1′′, which shows
the difference of consecutive images. Here, hX(x) and hY (x) are the histogram values.

Figure 28: An example of how to construct multiple histograms. When the attribute
X has k(X) number of clusters, there are k(X) number of histograms on the other
attribute Y .
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an example of how to construct multiple histograms by using entropy. From a TD

image, we choose the axis (attribute) with the minimum entropy.

The objective of the clustering algorithm is to find a small number of candidate

clusters (one from each side of a bounding box) consisting of a target’s boundary.

From this requirement, we apply the clustering algorithm in each attribute separately

as in our previous work using the histogram [67]. The choice of the proper number

of clusters and the initial parameters are started from the selected attribute from

Eq. (38). After choosing the attribute with minimum entropy, we apply Gaussian

Distributions (GDs) to the histogram of features from the chosen attribute. The

increasing condition of the number kai of clusters for the attribute ai is based on

the user-defined minimum threshold Tmin of the computed variance (or standard

deviation). We utilize the K-means clustering algorithm for the selected number kai ,

and it is iterated until the following condition is satisfied:

σi < Tmin for ∀i ≤ k, (39)

where pi(x) = 1√
2πσi

exp(− 1
2σ2

i
(mi − x)2), and σi is the standard deviation (SD) of the

pi(x). For each pi(x), we then apply the similar algorithm for GDs to find the number

kxj of clusters for the other attribute xj(xi 6= xj). When the method is applied to

both attributes, each mean on both attributes is selected for the initial parameters.

They are represented by M = {(mxi ,myj)|i ≤ kx, j ≤ ky}, where mxi and myj are the

mean of pi(x) and pj(y), respective, and |M | =kx C2×kyC2. The entropy is utilized to

choose a principal attribute, and thus these parameters without proceeding clusters

applied on a mixture model can be used as candidates.

4.3.3 Target Candidate Regions

In the previous section, we discussed how to choose small clusters, and in this section

we discuss how to find eligible (likely) regions for target candidates. A variable-size

window is required since the target’s signature on the image plane can vary in size

depending on the distance between the camera and the target. In addition, we have

no idea where the target may be in consecutive images since both are moving inde-

pendently and often at unpredictabile velocities. The two factors of movement and
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unpredictability cause computational load for target matching. We use the small clus-

ters technique, described in the previous section to find the boundaries of a candidate

bounding box.

(a) (b) (c)

(d) (e)

Figure 29: An example showing the process of finding candidate regions. Each figure
shows (a) a temporal image and the extracted bounding box, (b) a TD image and the
selected clusters, (c) the candidate bounding boxes, and (d) the histograms applied
on the main y-axis and (e) x-axes. In (d) and (e), the blue and red curves represent
the histograms and the selected clusters, respectively. In the TD image the black
pixels are represented by “1”, which shows the difference of consecutive images.

We use a TD image of consecutive images with thresholding to find small clusters

through the process as described in Section 4.3.2. The TD image represents the

changes in consecutive images; it is a binary image (0: no change, 1: change). We

transform the TD image to separate 1D histograms, which inherit the number of

pixels reflecting the changes. Fig. 29 shows an example: a temporal image, a TD

image and extracted clusters, the histograms on the x- and y-axes, and the extracted

candidates. From a TD image, we get a set of small clusters. Each TD image has a
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variable number of clusters. However, the minimum clusters on each attribute can be

guaranteed by setting kmin ≥ 2, where kmin is a variable representing the pre-specified

minimun number of clusters. We pick two clusters for each axis in order to construct a

bounding box representing a target candidate. Algorithm 4.1 describes how to choose

candidate regions. For the algorithm, let A and B be sets of the attributes and the

values with X, Y ∈ A, and x, y ∈ B.
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Algorithm 4.1 Finding candidate regions.

Input: a TD image (0/1 values), kmin, and Tmin.

Output: clusters (M)

1. Pick an attribute with the minimum entropy by using Eq. (38)

2. Set X = amin.

3. Construct a histogram on the selected attribute (X), where hX(x) = a

number of pixels having the value “1” in each x.

4. Set k(X) = kmin.

5. Repeat:

(a) Apply the k-means clustering with hX(x) and k(X), and get

the mean (µX(i)) and the standard deviation (σX(i)), for i =

1, · · · , k(X).

(b) For ∀j = 1, · · · , k(X), if σX(j) < Tmin, then break.

(c) Increase k(X) to 1.

6. Find the intervals IX(i) from the information µX(i) and σX(i).

7. Construct histograms on the other attribute (Y ), where for i =

1, · · · , k(X), hYi(y) = a number of pixels having the value “1” in each y

in the interval IX(i).

8. For i = 1, · · · , k(X), repeat:

(a) Set ki(Y ) = kmin.

(b) Repeat:

i. Apply the k-means clustering with hYi(y) and ki(Y ), and get

µYi(j) and σYi(j), for j = 1, · · · , ki(Y ).

ii. For ∀j = 1, · · · , ki(Y ), if σYi(j) < Tmin, then break.

iii. Increase ki(Y ) to 1.

9. Set M = {(µX(i), µYi(j))|i ≤ k(X), j ≤ ki(Y )}.
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Using Algorithm 4.1, we get the set M containing small clusters. Each TD image

has a variable number of clusters. However, the minimum number of clusters on each

attribute is guaranteed by initially setting kmin(≥ 2). We pick two clusters from each

axis in order to match the target.

4.4 Target Matching

In the previous section, we discussed how to find candidate regions representing the

target. From the pool of candidate regions, we match a specific one as the target

on the images. For the matching algorithm, this thesis considers two methods; one

is to use color histogram as in Section 4.4.2 and the other one is to use covariance

matching as in Section 4.4.3. For the matching algorithm we initially assume that

the target model is pre-defined. We also present in Section 4.4.1, an initialization

method to extract the target model from on-line pre-processing.

4.4.1 Initialization

In this section, we discuss our approach on how to initialize the target model for the

target segmentation. There can be two options for target initialization. The first

option is to extract the target model during the initial movements of the robot. This

does not require the target model beforehand. The second option is to know the

target model in advance. For the first option, we assume that there is no moving

object besides the target robot and the camera is not moving during the initialization

process. We segment any region that has movement to represent the target. Using

the first option, we know the location of the target as it is projected on an image

plane, which has the same resolution as upcoming images since they are gathered

from the same camera. In contrast, the second option may generate a target model

with different resolution than in the real-time images.

To segment a moving object area for the first option, we choose two points on

each axis, representing each boundary of a bounding box. We use the histograms

(mentioned in Section 4.4.2) of occupied pixels resulting from a TD image. We choose
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two points on each axis with higher differences within a certain interval as follows:

m = arg max
i
ωi

∫
IXi

hX(x)dx, (40)

where IXi
is the ith interval on the axis X and

⋃
i IXi

= IX , ωi is a weight for the

ith interval, and hX(x) is a histogram on the axis X. The weight is given for the

priority of each interval. Using Eq. (40), we continuously pick the position with the

maximum value of both axes (X and Y ).

4.4.2 Histogram-based Matching

For target matching, one method can use histogram of the color features from the

colormap within the selected regions. We could use the candidate regions generated by

the algorithm described in Section 4.3 for the histogram-based matching. However, we

discuss here a new method of finding candidate regions based on histograms applied

on the features of TD images. The objective is to find candidate bounding boxes for

a target which needs to be differentiated from other moving objects or from clutter.

We first construct the histogram functions for each x- and y-axes on the TD images

as Hf (x) and Hg(y). We then choose two points from each histogram function to

construct a bounding box to represent the target.

For the selected candidate regions, we apply a similarity measure for the target

by comparing the candidates with the target model and then choose the one having

the highest similarity measure with the colormap histogram.

CPf (x) = {x :

∣∣∣∣dHf (x)

dx

∣∣∣∣ > δ ∩ ||x− x−1|| > δ1} (41)

CPg(y) = {y :

∣∣∣∣dHg(y)

dy

∣∣∣∣ > δ ∩ ||y − y−1|| > δ1}, (42)

where

Hf (x) =
f(x)

n×m
and Hg(y) =

g(y)

n×m
,

and f(x) and g(y) are the histograms applied on each axis. In these equations x−1

and y−1 represent the previous candidate points in the x and y axes respectively, δ
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is the steepness threshold, and δ1 is the distance threshold to restrict the distance

between two candidate points. The similarity measure is based on the Bhattacharyya

distance, applied on color histograms, between the current and the previous target

images.

The computational complexity of a match in the worst case is

mxC2 ×my C2 =
mx

(mx − 2)!2!

my

(my − 2)!2!
,

where mx and my are the number of elements in the CPf (x) and CPg(y), represented

in Eqs. (41) and (42) (the sets of candidates in both x- and y- axes), respectively.

4.4.3 Covariance Matching

When dealing with the segmentation problem of a moving target from a moving cam-

era, white balance or colors may change due to various reasons such as direction of

lighting sources, shadows, perturbation due to camera motion, and so on. The match-

ing results based only on color information are not enough in this case. We apply a

covariance matching method and present the use of combination of different features.

In this section, we discuss how to find the assorted window sizes and locations to

represent target areas of interest. Although we have a small number of candidate

areas, we need to match them with the target model to pick only one. This section

deals with features that we can apply and the differences according to the choice of

features for a region-based target matching algorithm.

For matching characteristics between a target and a candidate, we utilize the gen-

eralized eigenvalues and eigenvectors of the target and candidate regions. One attrac-

tive property when using the covariance matrix is that it reduces the dimensionality to

the number of selected features from the variable sizes of images or image regions. Let

GR be a candidate region in an image I. Then φ(GR) = [φ(p1) · · ·φ(pr)] = [v1 · · ·vr],
where r = |RX ||RY | by Eq. (32). Let

Vd×r = [v1 · · ·vr] =


vT1
...

vTd

 .
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To construct the covariance matrix, we change the matrix: the combination of the

column vectors vi representing a candidate region with the dimension of d× r to the

row vectors with vTi . Here, d is the dimension (the number of the selected features)

of the covariance matrix. By definition of the covariance matrix, it is represented as

follows:

Σij = E((vTi − µi)(vTj − µj)T ), (43)

where 1 ≤ i, j ≤ d and µi = E(vTi ).

Let ΣT and ΣCi
be covariance matrices of the target model and the ith candidate

region. The matrices ΣT and ΣCi
are Symmetric Positive Definite (SPD). As proposed

in [36], we use the distance measure (a Riemannian metric) for the covariance matrices

satisfying SPD as follows:

ρ(ΣT ,ΣCi
) =

√√√√ d∑
j=1

ln2 λj(ΣT ,ΣCi
), (44)

where λj(ΣT ,ΣCi
) are the generalized eigenvalues satisfying the following equation

det(ΣT − λjΣCi
) = 0.

Target Selection With the measurements acquired from Eq. (44), we pick one

candidate region having the minimum value (matching distance) as follows:

Cmin = arg min
i
ρ(ΣT ,ΣCi

),∀Ci. (45)

When an image is too noisy or a target is partially occluded, the average matching

distance may be higher than we expect. Instead of picking the one with the minimum

distance, we use a voting method. Algorithm 4.2 describes how to choose a target

from candidates through voting. Here, ρexp is an expected value of the measurements

in Eq. (44). Let us define the four sides (two positions from the x-axis and two
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positions from the y-axis) of each candidate region as follows:

CR =


...

lefti righti upi downi
...

 . (46)

Algorithm 4.2 Target selection with voting.

Input: CR, ρexp.

Output: CT (a target bounding box).

1. For each candidate region (CR(i, :)), find candidates with ρi ≤ ρexp.

2. For j = 1, · · · , 4 (each side of a bounding box),

(a) Group the candidates if they have the same values as follows:

Gk(j) = {CR(i, j)|CR(i, j) = ck∀i, ck is constant.}.

(b) For each group Gk(j), set wk(j) =
∑

i(ρexp − ρi), where ρi is the

dissimilarity measure of CR(i, j) ∈ Gk(j).

(c) Set CT (j) = arg maxwk(j).

3. Return CT .

4.5 Experimental Results

4.5.1 Analysis of Motions

We attempted to analyze a relation between the maximal leader velocity and the

camera angle of view for one step motion of the follower robot, assuming that the

follower robot starts at θF = 0. Relative information of distance and bearing between

leader and follower robots depends upon the leader’s velocities (leader’s next position).

We simulated the results of relative distance and bearing between L and F as well as
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the next position of the follower whilst the leader moves along the y-axis with different

angular velocities. For this simulation we set the ranges of the leader’s positions to

be −0.5 ∼ 0.5 along the y-axis. the results of the next position and the camera’s

view of angle of the follower based on next position (for the diagonal formation) of

the leader are shown in Fig. 30(a), and the relative distance and bearing based on

the leader’s next position are shown in Fig. 30(b).

(a) (b)

Figure 30: Analysis of relative information based on the leader’s next position. The
units in the y-axis are in meters for the distance and in radian for the angle in (b).

4.5.2 Candidate Regions (Entropy-based Clustering)

Fig. 31 shows the comparison between the EM and the proposed algorithm when the

candidate clusters are chosen. Since most of the features from the TD are located

in the hand, the clusters from the EM are more concentrated on the hand than the

target. However, the result from the proposed algorithm includes enough clusters

to find the target. With respect to the processing time, the proposed clustering

algorithm is significantly faster than the EM. Fig. 32 shows the comparison between

the proposed algorithm and the template matching applied on the sequence of images

taken from the first following robot. The upper three figures are the results of the

template matching for the target robot, and the lower figures are the results of the

proposed method.
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(a) The EM clustering. (b) The proposed clustering.

Figure 31: Comparison of the clustering results between the EM with the defined 12
clusters and the proposed algorithm.

(a) (b) (c)

(d) (e) (f)

Figure 32: Comparison of the matching results between the proposed algorithm and
the template matching algorithm.
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Figure 33: Results of finding small clusters.
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4.5.3 Histogram-based Matching

This section shows the results for finding target candidates by using the proposed

method for the choice of candidates. Results for the feature selection from the TD

are shown in Fig. 34(a). After the feature selection, the proposed algorithm finds

the candidate templates on both axes separately for the target’s boundary as shown

in 34(c) and 34(d), respectively. Fig. 34(b) shows the result of the segmented target

through the matching algorithm based on the color histogram, represented by the red

square box. The image measurements (x-projection and center position) are computed

from the information of the candidate templates resulting from the similarity measure

for the target boundary.

Fig. 35 shows the sequences of the extracted targets from the followers. In the

experiment, there were three robots following each target in a circle, in which the first

leader had the constant linear and angular velocity as 0.02m and 0.02rad/sec respec-

tively. The tracking mission was repeated for about 30 minutes in the uncontrolled

laboratory environment. Each image in Fig. 35(a) is acquired from the first follower

during an interval of continuous time steps. Fig. 35(b) shows the selected features

from TD and the segmented target’s boundary, represented by the white bounding

boxes, from the second follower. The experiments were repeated several times, and

the target segmentation was executed in each follower. The error rates of the targets’

segmentation were 8% and 18%, respectively. The second follower had a lower camera

resolution than the first follower, which results in the higher error rate.

4.5.4 Covariance Matching

For our experiments we use the Explorer robots, which are miniature robots (the base

is about 17cm) equipped with a single monocular camera and two actuators. They

execute a multi-robot following mission. The mission objective is to follow each robot.

We compare the matching results (the target segmentation) on the images acquired

from a robot in the group. We show the differences on the matching results according

to the choice of features. The proposed method is compared in tracking missions at

different places (laboratories with both carpet and vinyl floors) and also to various

methods (the SIFT descriptors and the color histogram).
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(a) Features from TD. (b) Selected target boundary that cor-
respond to 34(a)

(c) Histogram along the x-axis and selected
x candidates for 34(a)

(d) Histogram along the y-axis and selected
y candidates for 34(a)

Figure 34: Result of the target segmentation in the case of multiple moving objects.
The red circles represented on the graph in 34(c) and 34(d) are the selected can-
didates, and the red square box in 34(b) is the bounding box showing the target.
The segmentation result shows that it can differentiate the target from other moving
robots or clutter.
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(a) From the first follower.

(b) From the second follower.

Figure 35: A sequence of features from TD (up) and the extracted target (down).
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(a)

(b)

(c)

Figure 36: Comparison of the segmented target using the covariance matching with
the color-based (blue lines) and Fourier transform-based (red lines) features applied
on the candidate regions. Two representative cases are presented; (b) segments the
same results while (a) shows the differences when using different features. The graphs
in the first column show the matching distance given by Eq. (44), and the number
of candidate regions are 165 and 15 in (a) and (b), respectively. The graphs in the
second column show the bounding boxes of each candidate region (the green boxes)
and the selected target region (the red or blue boxes). The last column shows the
segmented target regions represented in the image.
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Fig. 36 shows the comparison of the segmented target using the covariance match-

ing algorithm with different features. We have applied two combinations of features:

D/C/G (the blue boxes) and D/F/G/Gr (the red boxes). The graphs in the first col-

umn show the matching results (the red line and the blue dashed line for the features

of D/F/G/Gr and D/C/G) between a target model and each candidate region. The

middle column graphs are the candidate regions (represented by the green dashed

lines) with the numbers (shown in the axis in each first graph) and the segmented

target regions. In Fig. 36, the color-based method picks wrong candidate regions.

We compare the matches for consecutive images acquired from a robot following the

target robot shown in the figure. Fig. 37 shows the matching results for the sequence

of images during the robot following mission.

(a) The distance. (b) The candidates. (c) The trajectory.

Figure 37: Matching distance (37(a)) and the number of the selected candidate regions
(37(b)) resulting from the tracking process in Fig. 36. The trajectories are estimated
by the following robot.

We compare the target selection results for the voting algorithm proposed in

Section 4.4.3. Fig. 38 shows the comparison of the segmented targets by using the

minimum distance with the voting algorithm. There are three robots which follow

the robot in front of themselves, and the target (the white robot) has unpredictable

stop-and-go motions with variable linear and angular velocities. The blue and red

bounding boxes represent the segmented targets using the choice of the minimum

value and the voting method, respectively. For this comparison, we use the covariance

matching method with the D/F/G/Gr features.

The SIFT descriptors promise in finding stable features when comparing consec-

utive images. We therefore demonstrate the SIFT matches. Two Explorers are used
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Figure 38: Result of the segmented target using the voting algorithm. The blue boxes
are the choice with the minimum distance measure, and the red dashed boxes are the
one through the voting algorithm. These two algorithms show the difference when an
image is too noisy because of camera motion.

for the SIFT descriptors based following problem. For this experiment we used the

SIFT algorithm described in [24]. Fig. 39 shows the matched pixels using the sparse

SIFT features (top) and the segmented target (bottom). The SIFT features and the

target are represented by the tiny white dots on each pixel and the white square box,

respectively. Based on the (Euclidean) distance of the matching results, we excluded

the features with distances larger than a threshold in order to remove bad match

features. It starts with accurate matching results on the first image, but the num-

ber of features is getting reduced. Due to the changes of the robot signature size

in the images, the target segmentation finally failed on the third image as shown in

Fig. 39(b). We also compare the SIFT matches (using the algorithm in [4]) to the

proposed methods in Fig. 40. Fig. 40(b) shows the segmented target from the SIFT

descriptors shown in Fig. 40(a) (red boxes) and the proposed method (blue boxes).

In Fig. 40(a), the green ellipses point out errors in matching.

Fig. 41 shows the segmentation results on consecutive images gathered from a

following robot, comparing the methods between the color histogram and the feature-

based covariance matching. The corresponding similarity measures (Fig. 42(a)) and

the number of selected candidate regions (Fig. 42(b)) and the estimated trajecto-

ries of two robots from the following robot (Fig. 42(c)) are also shown. We use

two Explorers in which one is following another robot. The methods for the target

segmentation in Fig. 41 are the color histogram (up) and the covariance matching

(down) with the features of D/C/G (blue bounding boxes) and D/F/G (red bounding

boxes). The numbers of candidate regions in each image are shown in Fig. 42(b). We
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(a) The matching results using the sparse SIFT features.

(b) The segmented target.

Figure 39: Result of the segmented target using the SIFT features. It shows the
matched features (the white points) using the sparse SIFT (up), and the segmented
target represented by the white square box (down).
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(a) Matching results using the SIFT features (represented in the blue and red squares). The red
squares are the matches for the target, and the green ellipses are the incorrect matches.

(b) The segmented target using the SIFT features (red boxes) and the proposed method (blue
boxes).

Figure 40: Comparison of the segmented target using the SIFT and the proposed
methods. It shows the matched features (red squares) using SIFT (a), and the seg-
mented targets are separately represented in (b).

(a) Segmentation results by using the color histogram.

(b) Segmentation results by using the covariance matching with D/C/G (blue line) and D/F/G (red
line).

Figure 41: Comparison of the target segmentation when using the color histogram (a),
the covariance matrix (c) with P/C/G (the blue boxes) and D/F/G (the red boxes).
The selected candidate regions and the matching distance during the tracking process
are shown in (b) and (d), respectively.
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have tried similar robot-following experiments using the matching method in different

environments. The maximum, the minimum, and the average numbers of the selected

candidate regions are 468, 1, and 123 from the overall experiments.

(a) The matching distance. (b) The number of the selected
candidate regions.

(c) The trajectory.

Figure 42: Matching distance and the number of the selected candidate regions re-
sulting from the tracking process shown in Fig. 41. The estimated trajectory of the
target and the robot following it is shown in 42(c).
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5 Multi-Robot Coverage Problem

As we discussed in Section 1.1, our multi-robot formation is motivated by having

fewer limitations in assumptions in environments. It causes several challenges which

have been scantily touched upon in previous research. In our multi-robot formation,

the main subject in terms of controllability is how to control each follower robot.

Robots’ behaviors to follow a leader robot rely on the measurements from their own

sensor (a camera sensor mounted on themselves). While formation control problems

have dealt with the behaviors of follower robots, we here attempt to define the roles of

the leader robot. We want to extend many different robotic tasks such as delivering a

group of robots to certain locations, searching for specific targets in an environment,

cooperating robots in a group to cover an environment, and so on. By adding the

roles of the leader robot in a formation, multiple robots can be extended in various

robotic tasks. We address the coverage problem, using the multi-robot formation

approach.

Most approaches to the multi-robot coverage problem attempt to minimize the

coverage time with a given number of robots. In contrast, we came up with a new

approach to the coverage problem. One that changes the research paradigm in the

coverage problem from a given set of coverage areas to a set of robots. In this section,

we discuss the problem, including the definitions and we explaine the objectives. We

also discuss the coverage optimization approach dealing with the optimization of the

path cost and the number of robots, as well as the coverage algorithms for finding

paths and tours in Sections 5.1, 5.2, and 5.3, respectively. We also consider the control

capability for multiple robots in the application of the multi-robot coverage problem

regarding a formation, using the Kinect sensors in Section 5.4. Finally, we illustrate

the experimental results in Section 5.5.

5.1 Problem Description

This section describes the definitions for our new coverage problem and details the

problem along with the objectives. We define two definitions, the key positions of

interest and the parallel multi-agent coverage problem, as described in Definitions 5.1

and 5.3, respectively. Prior to explaining our version of the coverage problem, we
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discuss the shape of the area covered by a single sensor at any given time step. Most

coverage problems have traditionally dealt with a circular zone as the area covered by

a sensor (i.e., an obstacle avoidance sensor or an omnidirectional camera). However,

many sensors such as video and proximity sensors have more limited fields of view.

For a camera-based search mission (especially when a monocular camera is used), a

disk shaped coverage model for the sensor is not suitable. Furthermore, we may not

need to cover the entire area in the environment, but only visit and search specific

locations of interest. These issues have lead us to define a new concept for coverage

problem. We first define the key positions of interest and the Turning Position (TP)

in Definitions 5.1 and 5.2.

Definition 5.1 A Key Position of Interest (KPOI) is the position which a robot in

a group must visit. This is to say, a robot is required to visit a location where the

respective KPOI is within the active range of the robot’s sensor.

Definition 5.2 A Turning Position (TP) is the position that has a conjunction of

more than two paths that must be visited.

This concept of KPOI helps in establishing the first set of requirements of the

coverage problem: (i) a predefined set of KPOIs in the environment is known a pri-

ori. The robots must visit the entire set of KPOIs, and (ii) the sensing zones of the

robots’ sensors may not always be circular. We also assume that: (iii) there is an

unknown number of robots to be deployed, (iv) the robots are organized into groups,

and (v) robots in a group are placed and start at the same initial location. Depend-

ing on the active sensing range of the sensor, we can specify uniformly distributed

KPOIs. When KPOIs are uniformly distributed, our coverage problem introduced in

Definition 5.3 is the dual of the traditional coverage problem dealing with a known

number of uniformly distributed robots. In this work the KPOIs may not be uni-

formly distributed spatially. For our coverage problem, the travel cost between two

locations is a function of their Euclidean distance. Additionally, KPOIs should be

visited only once by either of the deployed robots. However, multiple visits to the

same KPOI are allowed only if, by including them in a path, it reduces the respective

path cost.
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Definition 5.3 The Parallel Coverage Problem limits the space of acceptable solu-

tions as follows. The paths traversed by each robot agent should be characterized by

the following: (i) every robot path includes a subset of KPOIs visited only once by

the respective robot, and (ii) the robots’ KPOIs are complementary and disjoint.

Our coverage problem differentiates finding a path and finding a tour. The prob-

lem of finding a path deals with the path forward only, and does not concern itself

with the returning path. On the other hand, finding a tour considers both the forward

path and the returning path to the start node. We therefore treat the Parallel Path

Coverage Problem (PPCP) and the Parallel Tour Coverage Problem (PTCP) differ-

ently. Next, we will illustrate our strategies and algorithms to: (i) find the optimum

(minimum) travel cost and the corresponding paths in a given environment, (ii) find

the optimal number of robots to keep the total coverage cost less than or equal to the

minimum travel cost, and (iii) find the optimal robots for a given but limited time.

For the PPCP multiple robots simultaneously move towards their goal positions,

while the PTCP is to find tours with the minimum cost for an unknown number

of robots. We need to find the optimal number of robots as well as the paths (and

tours) with the minimal costs for both parallel path/tour coverage problems. Let

V = {v1, ..., vn} be a set of KPOIs. We minimize the maximum path cost from a

start position for the PPCP. The objective is

cp = min{max
i
cost(πi)},∀i = 1, ..., r. (47)

Here, πi and Pi are the ith path and KPOI as shown in Table 3. Let {G1, ..., Gr} be

a set of subsets of V , and φi be the ith tour, a sequence of positions in Gi. Similarly,

the objective of the PTCP is to find a set of subsets, {Gi|i = 1, ..., l}, with

ct = min{max
i
cost(φi)},∀i = 1, ..., l. (48)

Note that the variables r and l are the numbers of the robots which are initially

unknown.

We propose the following strategies for our problem, which find the minimum path

cost and number of robots. Finding a path with the minimum cost is achieved by
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finding the furthest position (vmax) from the start. Let σi be paths from the start to

vmax. Then the optimal path cost is cmax = mini cost(σi), where i indicates each path

from the start to vmax. Note that we define cmax as the minimal path cost. Now,

we want to find the optimal number of robots when the cost (cp) is given. Let us

represent this by min r, where r is the number of robots corresponding to Table 3. It

needs to satisfy the following conditions: (i) 1 < r ≤ n, (ii)
⋃
i Pi = V, (iii)

⋂
i Pi = ∅,

and (iv) cost(πi) ≤ cp,∀i. Here, n is the maximum number of robots. The conditions

of Definition 5.3 are mathematically modified as follows:

(Def. 2-1) |Pi| = |πi|,
(Def. 2-2) Pi ⊂ V ,

(Def. 2-3)
⋂
i Pi = ∅, and

(Def. 2-4)
⋃
i Pi = V.

Table 3: Corresponding relations between robots, paths, path costs, and the sets of
KPOIs that make up the paths.

robots paths costs KPOIs
1 π1 cost(π1) P1
...

...
...

...
r πr cost(πr) Pr

5.2 Coverage Optimization

We have discussed the parallel coverage problem, the objectives, and the concept of

the coverage strategies in Section 5.1. This section outlines the optimization associ-

ated with the coverage problem. The coverage problem has properties which depend

on the available resources (time and robots). Finding a path or a tour demands a

strategy that is based on the selection of a path with the minimal cost when we have

enough (≤ the number of nodes in the worst case) robots. This strategy is to quickly

disperse robots in the environment for the coverage completion. Because of the as-

sumptions associated with the initial location, we can find the minimal cost (cmax)

in a deterministic fashion. We also take into account the cost (cp) which is initially

given. The properties in Prop. 5.1 characterizes the minimization of the coverage
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cost, and Prop. 5.2 describes the optimization associated with the number of robots

at a given time (cp). For proofs we select the start position (s) from V , since every

robot shares the same s at the beginning.

Proposition 5.1 (Minimum Path Cost). The minimum path cost for the PPCP is

the shortest path cost from the start position to the position in V , which has the

maximum cost from the start.

Proof Let wi,i+1 be the cost from the position vi to the position vi+1. Then cost(πij) =∑
t=vi,··· ,vj−1

wt,t+1, where πij is the shortest path from vi to vj. Let s 6∈ V be the start

position. We choose an end position vd(= vmax) as follows:

d = arg max
i
cost(πsi),∀vi ∈ V.

Let P1 = {v1, ..., vd} be a subset of V included in the selected shortest path (πsd)

from s to vd, and cmax = cost(πsd) be the minimum path cost. Then

∃vi ∈ V \ P1· 3 ·cost(πsi) ≤ cmax if V \ P1 6= ∅.

Let P2 = P1∪ be a subset of V \P1 containing the path πsi. Similarly, we can find all

paths containing every position in V until V \Pi = ∅. Since cost(πsj) ≤ cmax,∀vj ∈ V ,

the minimum cost is cost(πsd), which is the path from the start to the vmax in V .

Proposition 5.2 (Optimal Number of Robots). Let cp be the desired time of comple-

tion for the parallel coverage problem. Then the optimal number of robots is an inte-

ger number in the range of 1 to |V |−|Pmax|+1. Specifically, it is the number of disjoint

subsets of KPOIs consisting of paths with the condition of cost(πi) ≤ cp,∀i = 1, ..., r.

Proof Let cmax be the path (πmax) cost from the start to vmax ∈ V , and Pmax be a

subset of V corresponding to πmax.

i) We first show that the optimal number of robots is an integer number in the

range of 1 to |V | − |Pmax| + 1. To find the maximum number of robots, let V ′ =

V \ Pmax. Then |V | ≤ n − 1, (∵)Pmax 6= ∅ (includes at least vmax). Since
⋂
i Pi = ∅
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(by Def. 5.3-3) and
⋃
i Pi = V, ∀i (by Def. 5.3-4),

∃vj ∈ V ′· 3 ·|Pj| = 1, cost(πj) ≤ cmax for ∀j = 1, · · · , |V ′|.

Therefore, there are at most |V | − |Pmax| + 1 paths. Now, when V = V \ Pmax = ∅,
|V | = 1 and the minimum number of paths is only one. These extreme cases are

shown in Figs. 43(c) and 43(d), respectively. Hence,

1 ≤ k ≤ |V | − |Pmax|+ 1.

ii) Since the coverage problem cannot have lower cost than cmax, we only consider

the condition of cp ≥ cmax. Let Φ = {π1, ..., πk} be a set of paths. Then

cost(πi) ≤ cmax ≤ cp,

for i = 1, ..., k. Since
⋂
i Pi = ∅ (by Def. 5.3-3) and

⋃
i Pi = V (by Def. 5.3-4), k

is the number of disjoint subsets of V . The examples showing the selection of the

paths are shown in Figs. 43(a) and 43(b). Therefore, let π1 = {s, · · · , vj, · · · , vmax}
for vj ∈ V, where vmax is an element in V with the maximum cost from s. Then

∃Pi ⊂ V · 3 ·vj ∈ πi ⇒ vj ∈ Pi (satisfying
⋂
i Pi = ∅ and

⋃
i Pi = V ), and the

minimum number of robots is the number of Pi, disjoint subsets of V .

Proposition 5.3 (k-TSP). Given a number (k) of robots, the PTCP in a graph rep-

resentation (a dense graph) is considered as the k-agents Traveling Salesman Problem

(k-TSP). Any algorithms such as kNN (k-Nearest Neighbor) or kNI (k-Nearest Inser-

tion) could afford minimal costs.

Prop. 5.3 describes how the parallel coverage problem could be connected with

well-known problems such as the k-TSP. Fig. 44 shows an example that every node

is located at the same distance from the start. The tours (Fig. 44(b)) are produced

by connecting the shortest paths (Fig. 44(a)).
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(a) T = cp.

(b) T > cp.

(c) The minimum = 1. (d) The maximum = |V | − |Pmax|+ 1.

Figure 43: Examples showing the relationship between paths, path costs, and the
number of robots.
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(a) Paths. (b) Tours.

Figure 44: Choice of the shortest paths and tours in the worst case. The position
s is the start, and every other position is located at the same distance from s. The
required number of robots is |V | = 6 and |V |

2
= 3 for the paths and the tours,

respectively.

5.3 Coverage Algorithm

We have discussed the parallel coverage problem in Section 5.1 and some optimization

theorems in Section 5.2. This section describes the representation and the generation

of the virtual paths as well as the path/tour coverage algorithms. Any representations

such as a grid map (a cell representation) or a graph map can be used. We here choose

a graph representation.

For a certain number of locations of interest on a map, we need to find a path

to connect them. Since an environment may not be an open space (obstacle free), a

straight line between KPOIs may not be possible as a path. We adopt intermediate

points to connect the KPOIs. Let us call the resulting path a virtual path as described

in Definition 5.4. The construction of a map and the decision of the positions of

interest are beyond the scope of this paper. We leave these issues to the exploration

and mapping research fields. We apply a geometric algorithm [54] to find a path

between positions in the obstacle-free space in order to produce a graph. A graph

representation with the given KPOIs on a map as nodes and the selected connections

as edges is used in our coverage problem.
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Definition 5.4 (The virtual path and the virtual node). A path πi,i+1 = {vi, n1, ..., nj, vi+1}
is a path from the node vi to the node vi+1 through the virtual nodes n1, ..., nj where

vi ∈ V, ∀i and n1, ..., nj /∈ V . The virtual nodes are selected from the open space such

that min cost(πi,i+1).

Figure 45: The given two positions and alternative paths. In this example, (b) is an
impossible path, and (a) and (c) are available paths between two nodes. The triangles
are the virtual nodes that make the path.

Fig. 45 shows an example of two positions (represented by the circles) and several

paths with virtual positions (represented by the green triangles) between them. Path

(b) is the shortest (straight line) but has an obstacle between the positions. We choose

an alternative path with the shortest path from the possible paths. A geometric-based

motion planning algorithm is applied to find a path between two KPOIs.

The cell decomposition is an appropriate method to find obstacle-free spaces when

the obstacles in the environment are polygonal [54]. Since we have a map and known

positions, we apply the vertical cell decomposition algorithm to a map in order to

find virtual positions that break the path into fragments between the virtual nodes.

For automatic cell decomposition we first try to find corner points on the image

map. Based on the selected corner points, the vertical lines are generated for the cell

decomposition. The corner points are selected by the curvature scale space technique

[42] applied to a grayscale image.

The proposed coverage algorithms find the shortest paths/tours from the start

node for an unknown number of robots. Once the virtual paths are achieved, a graph

is generated based on the KPOIs as the nodes and the constructed paths as the edges.
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We first pick a destination node, which is defined as the node with the highest path

cost from the beginning. It has the minimum cost for the path coverage problem as

we mentioned in Proposition 5.1. Algorithm 5.1 describes the PPCP algorithm as

follows:
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Algorithm 5.1 Parallel Path Coverage Algorithm (Optimizes the path cost

and finds the optimal number of robots and the corresponding paths.)

Input: the graph G = (V,E) with a given start node s(/∈ V ).

Output: the optimal number of robots (k) and the optimal path (πl), where

l = 1, ..., k.

1. Find shortest paths (πsi) from s to every node in V , where i = 1, ...|V |.

2. Choose the node (vd) and set it to the destination node, where d =

arg max
i
cost(πsi). Here, vd = vmax.

3. Set the path (πs1) to the sequence of the shortest path from s to vd, and

set P1 = {vj|vj ∈ πs1 ∩ V }. Note that πs1 = πmax.

4. Eliminate the nodes in πs1 from V , and V = V \ P1.

5. Repeat the following until V = ∅. Set i = 2.

(a) Choose a path (πsi) to connect vm(∈ V ) satisfying m =

arg min
l
cost(πsl), l = 1, ..., |V |.

(b) Set the selected node to the end node (vm) for the path (πsi).

(c) Set Pi = {vj|vj ∈ πsi ∩ V }, and V = V \ Pi.

(d) For j = 1, ..., |V |, repeat the following:

• Find a node (vj) in V with the minimum cost from the node

(vm).

• If cost(πsi) +wvm,vj ≤ cost(πmax), insert πi = πi ∪ {vj}. Other-

wise, break.

(e) Increase i by 1.

6. Set k to i.
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In the algorithm π1 is the path having the minimum cost for the PPCP. The

iterative loop in step (5) finds and connects the nodes, satisfying the condition that

the path cost is ≤ cmax. When cp 6= cmax, we have the same algorithm. The only

difference is that there are supplementary steps between 4) and 5) as follows:

Algorithm 5.1-1: The supplementary steps for the path coverage algorithm.

For vl ∈ V, ∀l = 1, ..., |V |,

1. Set m = arg min
l
πsl.

2. If cost(πs1)+wvd,vm ≤ cp, add vm(∈ V ) in πs1 and set vd = vm. Otherwise,

break.

3. Set P1 = P1 ∪ {vm}.

4. Set V = V \ {vm}.

The tour algorithm combines the shortest paths. The combination is based on the

cost between the end KPOIs in each path. The following algorithm shows the PTCP

algorithm.
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Algorithm 5.2 Parallel Tour Coverage Algorithm (Optimizes the path cost

and finds the optimal number of robots and the corresponding paths.)

Input: the graph G = (V,E) and a set of paths Φ = {π1, ..., πk}.
Output: a set of tours {φ1, ..., φk/2}.
Set i = 1 and repeat the following:

1. Pick a = arg max
l
{cost(πsl)}, ∀l = 1, ..., |Φ|.

2. Set vd to the final node in the path πa.

3. Pick b = arg min
l
{cost(πsd) + wvd,vl + cost(πsl)}, ∀l = 1, ..., |Φ|.

4. Connect φi = πa + πb.

5. Set Φ = Φ \ {πa, πb}.

6. If Φ = ∅, break. Otherwise increase i by 1.

5.4 Implementation using the Kinect Sensor

In the preceding sections, we have discussed our new coverage problem, the opti-

mization properties, and the associated algorithms. This section illustrates how to

implement the coverage problem with a team of robots for real-world applications in

order to visit a set of given locations (the KPOIs). We assume that the robots have

a given map with the KPOIs. The required number of robots and the corresponding

paths for each robot are generated by the algorithm proposed in our previous work

[70]. Our objective is to cover the given KPOIs with the minimum coverage time for

the PPCP, which is the maximum time to travel the longest path among the paths for

each robot. The robots need to localize their real position corresponding to the map.

They may need to follow each other as a team until they come to the fork of their

paths. We deal with the robot control algorithms with the localization information

acquired from the Kinects and dynamic formations for a team of robots in Sections



5 MULTI-ROBOT COVERAGE PROBLEM 115

5.4.2 and 5.4.1, respectively.

For the implementation of our coverage problem, the assumptions are that the

environment and the target positions which must be visited by the robots in a team

are given. Although we have the information regarding a map and the positions,

there are still the following issues when we implement the task in a real environment:

(i) how to control the robots in order to move them towards the desired areas and

(ii) how to estimate the position of the robots and the target locations.

We first consider how to control multiple robots to make them move towards

the desired locations. For the implementation of the coverage problem with real

robots, we assume that robots start at the same area. It is reasonable for robots

to move together until they encounter a certain position that needs to branch off

to other locations. In general, multiple robots may need inter-communication to

share information of desired locations and localization. As we get more robots, more

data packets are sent or received through communication. We want to reduce inter-

communication for the robots executing a mission to avoid latent failures that might

exist. A vision-based leader-follower formation technique published in [67] does not

require inter-robot communication. The concept is that only the leader robot in a

formation needs to be localized on a map, while the other follower robots simply

follow the leader by using only their camera sensor mounted on themselves as they

travel on the same path.

When controlling robots for a coverage problem, we need to localize the robots in

order to let them know where they are and to control them to get close to the desired

areas. There has been much research on localization; however, it requires special

techniques such as particle filters [38], visual landmarks [95], relative positioning using

IR sensors [87], odometry information [80], and vision-based cooperation [62]. They

also require various sensors such as a laser scanners, IR sensors, encoders, GPS, and

special cameras. Special sensors, however, require various assumptions: (i) the size of

robots should be large enough to carry the sensor, (ii) robotic platforms need to have

enough power to support the sensing ability, and (iii) the computation for localizing

the robots should be fast enough to be applicable to real-world robotic applications.

Any type of sensors such as cameras or GPS can be used in the proposed algorithm;

however, in this work, we utilize the Kinect sensor for robot localization [5]. The
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Kinect system is a relatively inexpensive sensing platform, which is able to provide

fast 3D estimates of target objects. This work also presents the algorithm to control

a team of multiple robots through multiple Kinect systems. It manages dynamic

changes of robot formations (from a leader to a follower and vice versa).

5.4.1 Kinect-based Coverage Algorithm

This section describes the algorithms that control a team of multiple robots with

the Kinect sensor. We first consider the case of using one Kinect. Fig. 46 shows

an example of structures representing paths and tours. The paths and tours are

examples which are able to be generated by the algorithms described in [70]. As

shown in Fig. 46(b), the PTCP needs to divide a team of robots at the start node

(only one TP). We therefore focus on the case of the PPCP shown in Fig. 46(a). The

TPs are represented by the yellow triangles in the figure.
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(a) Path. (b) Tour.

Figure 46: Examples showing (a) the paths and (b) tours generated to cover a set of
KPOIs. The leaf nodes on the tree structure in (a) and the small circles in (b) are
the KPOIs, and the yellow triangles represent the TPs.
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Algorithm 5.3 Kinect Control Algorithm

Input: a map (a set of TPs and a set of KPOIs including each position).

Output: The desired position of each leader robot entered in the sensor, and

the changes of the roles (exchanges of roles between the leader and follower

robots) with the required number of robots.

Iterate the following whenever the sensor detects a leader robot:

1. Detect each leader robot in the sub-groups (if several sub-groups exist)

shown in the sensor (Kinect).

2. Estimate the positions P1, . . . , PN .

3. Compute the next desired location for each robot. For i = 1, . . . , N,

(a) If the position (Pi) is a TP,

• Compute the number of branches (B(i)) connected to the TP

and the required number of robots for each branch (Bj(i) = Rj).

• Send a message (∀j = 1, . . . , k, Bj(i)) to the robot located at Pi

in order to split the group if there is a request.

(b) If the position is in the middle of a path and there is a request, send

the next desired position (a TP or a KPOI) to the robot at Pi.

(c) If the position is a leaf node (a KPOI), it is done.

Algorithm 5.3 describes how to control multiple robots (the leader robots) from a

Kinect system. The Kinect sensor has a color camera for images, a projector and an

IR receiver for IR images. By using two images the Kinect produces a 3D depth map.

The sensor is able to be attached to robotic platforms, so it is feasible to use it on a

moving platform. This work utilizes it as a stationary sensor in order to localize the

robots working on the mission. At each TP it splits a team of robots into sub-groups,

and sends each desired position to each leader of the sub-groups. The number of

sub-groups split at a TP is the number of branches. The number of robots in each
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Figure 47: An example showing a TP and the branches with the number of robot
mentioned in Algorithm 5.3.

sub-group is the required number of robots, which is the number of leaf nodes linked

at each branch.
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Figure 48: An example showing the paths represented with a tree and the boundaries
uniformly covered with multiple sensors. Each sensor includes the information about
the numbers of the inputs (the squares), outputs (the pentagons), destination nodes
(the circles), and branches (the triangles).
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Algorithm 5.4 Multi-Kinect Connection Algorithm

Input: a map including K,P, and T with each position

Output: A tree structure to connect the Kinects

1. For each TP, Ti ∈ T = {T1, . . . , Tk}, ∀i = 1, . . . , k,

(a) Find the number of leaf nodes: L(i) = #Nl

(b) Find the number of branches and the corresponding number of

robots: Bj(i) = #Rj.

2. K1 = the Kinect including the start position.

3. For each Kinect, Ki ∈ K = {K1, . . . , Kl}, ∀i = 1, . . . , l,

(a) Find adjacent Kinects: having the corresponding positions between

the outputs in Ks and the inputs in other Kinects in K, i.e. For

nj ∈ Ki, ∀j = 1, . . . ,m, find Kk, ∀k such that (i) (nj, nk) are

connected, (ii) nk ∈ Kk, and (iii) j 6= k.

(b) Link them (Kks) to the Kinect (Ki): each link has the information

regarding the number of connections (connect Ki and Kk, ∀k).

Depending on the mission, a given environment might be larger than the sensing

boundary that is able to be obtained from a Kinect sensor. A sensor might have a

smaller boundary than the expected one based on the height of the sensor. Therefore,

we examine how to manage multiple Kinect systems for the coverage problem. Fig.

48 shows the use of multiple Kinects that are uniformly distributed to an example

tree showing the paths. Algorithm 5.4 illustrates how to connect the multiple sensors

into a tree structure. For the algorithm we define T, P, and K as sets of TPs, KPOIs,

and Kinects, respectively.
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Figure 49: Construction of a tree for multiple sensing boundaries generated from the
information in Fig. 48.
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5.4.2 Robot Control

A team of robots executing the coverage problem discussed in Section 5.1 is supposed

to be divided into several sub-groups at the TPs (the turning positions defined in

Definition 5.2). The TPs may be the KPOIs at the same time or the virtual nodes

(defined in [70]). Also, we need to find control velocities in order to get close to the

target locations. This section deals with the control of the robots through information

obtained from the Kinect systems. Instead of having every robot in a team commu-

nicate with the Kinect, only the leader robots attempt to use inter-communication

with it. To do this we apply a multi-robot formation scheme. Fig. 50 shows simple

examples of two robots moving towards the target locations, named A and B in the

cell-based maps. In Fig. 50(a), two robots are distributed from the start location

(represented as S). Fig. 50(b), on the other hand, shows that the two robots need to

move together up to the turning position (the path is represented by the green cells),

and separate towards their desired positions (A and B).

(a) No formation is required. (b) A formation is necessary from S to the TP.

Figure 50: Examples showing that the robots distribute towards their goal positions
(a), and need to move together until the turning position (TP) and then separate to
their goals (b).

For a more complicated (or larger) environment there may be need for many more

robots in the environment. We take into account dynamic changes of the roles of

robots in a formation, so they can adapt to the paths in the coverage problem. The

robots are initiated as one formation with one leader robot and the rest as follower

robots at the start position. They then separate as sub-groups at the TPs that they

encounter. The main idea is to control only the leader robots by sharing information
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with the Kinects, and to let the other follower robots control themselves without inter-

communication or the use of special sensors. Each leader robot is manipulated by

acquiring the current and desired positions from the Kinect, while the follower robots

in each team are autonomously controlled by using the camera sensor mounted on

them. This reduces delays or failures from losing data packets during communica-

tion or sharing resources (communication signals). While the formation control for

multiple robots has mainly dealt with the control law regarding the follower robots,

we focus on the role of the leader robots. A robot formation branches at the TPs,

and the role of each leader robot is to move to their goals through the information

obtained from the Kinect.

We here focus on the controls for the leader robot. One can find more details

of the control law for the follower robots in Section 3. The control velocities for

each leader robot are computed by the information acquired from a Kinect system.

Let PL(t) =
(
xL yL θL

)T
(t) and PL(t + ∆t) =

(
xL yL θL

)T
(t + ∆t) be

the current position and the desired next position of the leader. Then the control

velocities are computed by the robot as follows:

xL(t+ ∆t) = xL(t) + νL cos θL(t)∆t

yL(t+ ∆t) = yL(t) + νL sin θL(t)∆t

θL(t+ ∆t) = θL(t) + ωL∆t,

(49)

where uL =
(
νL ωL

)T
is the control velocity of the leader robot. We can find

appropriate control velocities for a leader robot using the position information.

5.5 Experimental Results

5.5.1 Theoretical Validation

The experiments validate the proposed algorithms by finding the minimal number of

robots and the corresponding paths/tours in a given map. For PPCP, we compare

the results of the proposed algorithm with a Minimal Spanning Tree (MST) and a

Nearest Neighbor (NN). For PTCP, we compare the proposed tour algorithm with

the solutions from the k-TSP (kNN and kNI).
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(a)

(b)

Figure 51: Randomly generated KPOIs (the blue diamonds) where the robots must
go through, a vertical cell decomposition (the dashed lines), and the connections
between each position and the corresponding first virtual nodes (the red crosses).
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We generate a graph using the image map as in Fig. 51 showing an office and a

simple room layout (maps from the Player/Stage, a robot simulator [3]). The blue

diamonds are the given KPOIs, randomly generated in this case. The edges have

the weights represented by the Euclidean distance. The generated graphs are almost

complete graphs, and the path length between nodes is often greater than a straight

line due to routes through virtual nodes (the red crosses). We discard the generated

positions if they are located outside of the layout. We apply a corner detection

algorithm on the maps, and the small squares located at each corner correspond to

the detected corners. The dashed lines are the selected vertical lines generated by

applying a vertical cell decomposition algorithm for each corner point.

We first generate a graph from each map, and shortest paths are then computed

by using the parallel path algorithm. Figs. 52(a) and 52(c) show the results of

shortest paths corresponding to Figs. 51(a) and 51(b), respectively. The start node

can be chosen as any node, but each graph shows node 6 and node 20 as the start.

As a result, the minimum cost to the destination (node 17) is 569 in Fig. 52(a).

In this case the minimal number of robots is nine, and the paths for nine robots are

{6; 18; 5};{6; 11; 19}; {6; 4; 15}; {6; 12; 7; 10}; {6; 8; 7; 2}; {6; 3}; {6; 13; 16}; {6; 14; 17} and

{6; 1}, respectively. We compare the result of the proposed algorithm with the MST

as in Fig. 52. Figs. 52(b) and 52(d) show each result of the MST. From the node 6,

the minimum cost to the node 17 (the furthest) is 739 with the path {6; 12; 3; 14; 17}.
Fig. 53(a) shows the comparison of the minimum costs of the proposed algorithm

with the MST and NN according to the choices of the start node (the x-axis), and Fig.

53(b) shows the minimal number of robots generated by the proposed algorithm. The

proposed algorithm gives the minimum cost when compared with the NN or MST

results.

Fig. 54 shows the result of the shortest tours of the map in Fig. 51(a) for the

minimal number of robots. Fig. 54(a) is the result of four tours requiring four robots

(the minimal number of robots for the PTCP) and the minimum tour cost is 1500.

Fig. 54(b) shows the result of 4-NN tours, and the minimum cost is 2440. We have

also applied the 4-NI tour algorithm, and the minimum tour cost is 2531.
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(a) The shortest paths (Fig. 51(a)). (b) The MST result (Fig. 51(a)).

(c) The shortest paths (Fig. 51(b)). (d) The MST result (Fig. 51(b)).

Figure 52: Results showing the shortest paths and the result of the MST, starting
with start node the node 6 (up) and 20 (down). The minimum costs in (a) and (b)
are 569 and 739, respectively.
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(a) The minimum cost.

(b) The number of robots.

Figure 53: Results comparing the minimum coverage costs of the proposed algorithm
with the MST and the NN (up) and the selected number of robots in each start node
(down) for each map in Fig. 51.
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(a) The shortest tours. (b) The result of the kNN.

Figure 54: Result showing the shortest tours from node 6 as the start node (a) and
the result of the kNN algorithm (b). The minimum costs among tours are 1500 and
2440 in (a) and (b), respectively.

5.5.2 Implementation Validation

In the experiments, we demonstrate: (i) how to connect KPOIs and TPs with mul-

tiple sensors in simulation, (ii) how to extract a leader robot from a Kinect image,

(iii) how to localize the robot using a Kinect, and (iv) how to control robots in a real

environment through the intercommunication between a robot and a Kinect.

We first show a simulation using a generated map with a set of given KPOIs.

Fig. 55(a) shows the map used in our previous work in [70]. Fig. 55(c) shows a tree

starting at node 14. In the graph each node and edge include the information about

the position and distance, respectively. There are fifteen leaf nodes at the root node,

and four TPs at nodes 5, 7, 12, and 15. The numbers denoted around the TPs are the

required number of robots. In this simulation we assume that there are four sensors

to cover the environment, and name them A,B,C, and D. Fig. 55(b) shows the

result of the generated tree in order to connect the four sensors. Based on the edges

shown in Fig. 55(c), the sensor A is connected with B,C, and D, and B is connected

with D.

We try to compare the localization result from a Kinect sensor with the VICON

system. The VICON system is a relatively expensive and very accurate camera motion

capture system with six cameras. To compare the results we used one Explorer robot,
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(a) Map. (b) The connected tree with multiple sensors.

(c) The KPOIs and TPs.

Figure 55: The simulation results showing (a) the given KPOIs in a map, (b) the
connection of sensors, and (c) a generated tree (the root node is 14) with the leaf
nodes and TPs.
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Figure 56: The experimental environment. A camera in the VICON system, a Kinect
sensor, and a robot are shown.
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(a) Trajectory. (b) Trajectory.

(c) The depth estimated from the Kinect corre-
sponding to (a).

(d) The depth estimated from the Kinect corre-
sponding to (b).

Figure 57: The comparison results of the trajectories estimated from the Kinect (the
red dashed line) with the VICON system (the blue line). The ground truth trajectory
is estimated with the relative information from the Kinect and the transformation
of the coordinate system of the Kinect. The linear and angular velocities (m/s and
rad/s) of the robot in (a) and (b) are (0.015, 0.023) and (0.08, 0.08), respectively.
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developed at the University of Minnesota, with four markers attached on top of the

robot and a Kinect system. Fig. 56 is the experimental setup showing one of six

cameras in the VICON system, the Kinect, and one Explorer robot. Fig. 57 shows

the comparative results. In comparison with the accurate capture system, the Kinect

provides fair estimation results regarding the 2D position of the robot. Besides, it is

relatively cheap, small, and attachable to a moving platform.

Finally, we implement a search mission in a real environment. Fig. 58(a) shows

the layout of an office. The circle denoted with S is the starting position for the

leader robot, and the yellow triangle is a TP position. There are two KPOIs in the

layout. The size of the environment is 3.2 × 4.6(m). We use two Explorer robots in

a formation, and they separate from the TP. Fig. 58(b) shows the trajectories of the

two robots localized from the Kinect sensor.
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(a) The layout.

(b) The trajectories.

Figure 58: (a) The layout of our real experiment and (b) the trajectories of the two
Explorer robots executing a mission. The layout is part of our laboratory, and the
circle with S is the start position. The squares located at the upper left corner (1)
and the lower right corner (2) are the desired positions for each robot.
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6 CONCLUSIONS

6.1 Summary

In this thesis, we presented a new technique to the multi-robot dynamic formation

problem. This technique is applicable to both homogeneous and/or heterogeneous

robotic platform systems. For our formation control, we defined a paired-chain con-

cept; there are pairs of robots in a formation and the pairs are connected with links.

Our motivation was to exclude some assumptions that other researchers have gener-

ally used for their formation controls. In this thesis, we assumed the following: (i) We

use a small-sized camera sensor (such as a side view monocular camera) instead of

large sensors or special sensors such as a laser scanner or an omnidirectional camera,

(ii) we assume no inter-robot communication capability, since it is sometimes impossi-

ble to use inter-communication among the robots or human operators, (iii) the robots

operate under dynamic conditions having unpredictable motions instead of assuming

steady velocities or accelerations, and (iv) we use no special markers or additional

information to detect and track the target of interest.

For the representation of the complete distributed multi-robot formation system,

we presented a visual tracking method for pairs of robots, in which each follower robot

has its own leader robot. Each robot pair is a link in the chain of the formation. This

way, the control of each robot is fully distributed. We also presented two motion

strategies to follow the leader: the line and diagonal. The follower robots’ motions

are based only on the sensing ability of its own camera sensor. However, it is very

challenging to track and follow the leader robot which has no special markers, using

only a camera attached on the front of the follower robot. A new visual tracking

technique along with a target segmentation method was also presented in this thesis.

We touched upon a new research area for a multi-robot formation along with a new

object segmentation via the use of a side view monocular camera. In our work, our al-

gorithms covered several challenging issues: Both the camera and the target can have

unpredictable and independent movements. A target is projected as a moving object

with forward/backward motions, and we have the requirement to process in real-time

to detect and track the target. We also presented an entropy-based clustering method

for object segmentation, which reduces the number of candidate object matches. In
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addition, we addressed an enhanced matching method based on the covariance matrix

of various combinations of potential features.

We designed our multi-robot formation approach to be applicable to various real-

world robotic problems. Specifically, we extended it so that it addresses the multi-

robot coverage problem. The conventional coverage problem is to find the optimal

path for each robot, given a fixed set of robots with randomly distributed starting

positions. In contrast, we presented a new approach to the coverage problem which

is motivated by our multi-robot formation. In this thesis, our assumptions are that

each robot starts at the same location and that initially there is an unknown number

of robots. The objectives in our coverage problem are to minimize the required

number of robots for a given task and at the same time to minimize the path cost.

Accordingly, we presented a dynamic programming solution which determines the

optimum number of robots and the optimum path for each robot in order to execute

the mission as a system of robots. Finally, we demonstrated the applicability of this

work by simulating the real world positions of the robots through a set of Kinect

sensors.

To test our new multi-robot formation technique, we conducted an experiment in

an indoor uncontrolled set-up, using three Explorer robots. We implemented both the

line and diagonal strategies while the very first leader robot had constant linear and

angular velocities and then repeated the experiment with varying linear and angular

velocities. These experiments, using real robots, demonstrated the value of the key

components of our work:

(i) Geometry-based kinematic model,

(ii) Motion strategies for formation control,

(iii) Entropy-based segmentation algorithm, and

(iv) A visual tracking algorithm.

6.2 Future work

We addressed a new multi-robot formation problem in which the robots have forward

looking monocular cameras with a narrow FOV and the robots in the group only

use the real-time sensing information to determine their autonomous motions. Prior
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work cannot estimate the target’s angular velocities without the use of additional

information, such as special markers on the target being tracked. The geometry-based

kinematic model and motion strategies were presented for the group formation. The

algorithm was also designed to accommodate dynamic changes of the formation. We

dealt with two factors of the choice of a leader and the choice of a strategy in order

to change the formation shapes. For future work, we want to extend the formation

shapes to be automatically adjusted in various environments. It would require sensing

information of not only neighbor robots but also the real world.

Our solution for the formation control used a visual tracking technique along

with a new object segmentation method. For our segmentation method, we found

a 2D bounding box representing the target. For future work, we can extend the

segmentation method to find the 3D shape of a target model, so it can be used for

more accurate computation of the target position. It may be possible to estimate

the linear and angular velocities of the target if we can segment the 3D shape of it

from images. For the task of real-time processing, we want to improve processing

time performance to acquire the target from consecutive images. Our entropy-based

clustering method reduced the number of candidates. For future work, we want to

further reduce the number of candidates and to improve the matching results.

Finally, because many real world applications require that all robots have the same

starting position, we defined a new problem area which we call “the multi-robot par-

allel problem”. We optimized the number of required robots for a given environment

and mission and we also optimized the path for each robot. Our problem changed

the research perspective from: “Given a number of robots, find the optimum paths,”

to that of “given a number of locations, find the optimum number of robots and

their optimum paths.” We think that this can be the foundation work for additional

potential research in the coverage problem. In this thesis, we have demonstrated an

implementation of a search problem by using the Kinect sensor in order to local-

ize the robots. For future work, we would like to extend it to involve more robots

and multiple Kinects operating in a real world environment. Also, for future work,

we want to investigate our parallel coverage problem in unknown indoor/outdoor

dynamic environments, where many parameters are uncontrolled, such as: terrain,

illumination, weather, and so on. Such advanced capabilities can be utilized in many
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real world robotic applications to reduce workload, or even replace the human oper-

ator(s), and to shield humans from dangerous activities and environments, such as

chemical, biological, radiological, and battlefield front lines.
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