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ABSTRACT
Active docking in modular robotic systems has received a lot of interest recently as it
allows small versatile robotic systems to coalesce and achieve the structural benefits of
larger robotic systems. This feature enables reconfigurable modular robotic systems to
bridge the gap between small agile systems and larger robotic systems. The proposed selfreconfigurable mobile robot design exhibits dual mobility using a tracked drive for
longitudinal locomotion and wheeled drive for lateral locomotion. The two degrees of
freedom (DOF) docking interface referred to as GHEFT (Genderless, High strength,
Efficient, Fail-Safe, high misalignment Tolerant) allows for an efficient docking while
tolerating misalignments in 6-DOF. In addition, motion along the vertical axis is also
achieved via an additional translational DOF, allowing for toggling between tracked and
wheeled locomotion modes by lowering and raising the wheeled assembly. This thesis also
presents a visual-based onboard Hybrid Target Tracking algorithm to detect and follow a
target robot leading to autonomous docking between the modules. As a result of this
proposed approach, the tracked features are then used to bring the robots in sufficient
proximity for the docking procedure using Image Based Visual Servoing (IBVS) control.
Experimental results to validate the robustness of the proposed tracking method, as well as
the reliability of the autonomous docking procedure, are also presented in this thesis.
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GENERAL AUDIENCE ABSTRACT
Active docking in modular robotic systems has received a lot of interest recently as it
allows small versatile robotic systems to coalesce and achieve the structural benefits of
larger robotic systems. This feature enables reconfigurable modular robotic systems to
bridge the gap between small agile systems and larger robotic systems. Such robots can
prove useful in environments that are either too dangerous or inaccessible to humans.
Therefore, in this research, several specific hardware and software development aspects
related to self-reconfigurable mobile robots are proposed. In terms of hardware
development, a robotic module was designed that is symmetrically invertible and exhibits
dual mobility using a tracked drive for longitudinal locomotion and wheeled drive for
lateral locomotion. Such interchangeable mobility is important when the robot operates in
a constrained workspace. The mobile robot also has integrated two degrees of freedom
(DOF) docking mechanisms referred to as GHEFT (Genderless, High strength, Efficient,
Fail-Safe, high misalignment Tolerant). The docking interface allows for an efficient
docking while tolerating misalignments in 6-DOF. In addition, motion along the vertical
axis is also performed via an additional translational DOF, allowing for lowering and
raising the wheeled assembly. The robot is equipped with sensors to provide positional
feedback of the joints relative to the target robot. In terms of software development, a
visual-based onboard Hybrid Target Tracking algorithm for high-speed consistent tracking

of colored targets is also presented in this work. The proposed technique is used to detect
and follow a colored target attached to the target robot leading to autonomous docking
between the modules using Image Based Visual Servoing (IBVS). Experimental results to
validate the robustness of the proposed tracking approach, as well as the reliability of the
autonomous docking procedure, are also presented in the thesis. The thesis is concluded
with discussions about future research in both structured and unstructured terrains.
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CHAPTER 1
INTRODUCTION

1.1 Background
With the increasing demand for versatile robotic platforms, the need for adaptable robotic
structures is on the rise. These systems are required to perform a variety of tasks in diverse
and uncertain environments. In this regard, modular self-reconfigurable mobile robots have
emerged as a major solution over the past decade.
Modular systems [1-5] allow for the advantages of long-chained [6-9] or humanoid
[11-14] configurations while minimizing the complexity of each individual system [5],
[11]. This allows the overall system to bring about the versatility, stability, and increased
spatial workspace of larger systems while retaining the flexibility of small robotic systems.
Wheel-based or Track-based have a higher locomotion speed [6], [16-18] and load carrying
potential [19-21] in comparison to lattice-based modular robots, which propels the research
interest in mobile robotics. The use of mobile robots allows for the control of sensorequipped individual modules while tolerating misalignments on rugged terrain [6], [1619]. The mobility in such robots varies from a Wheel based steer mechanism to a Track
based skid-steering. However, the lack of multi-directional mobility limits the
misalignment tolerance during docking operations. This is due to the reason that the
uncertainty in the sensor data could result in the minor misalignments when operating on
an unstructured terrain. The use of multi-directional mobility will allow the robot to
minimize such misalignment errors to attain effective docking. Therefore, a Self-
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configurable and Transformable Omni-directional Robotic Modules (STORM) [11-18]
was developed to address these specific issues. This self-reconfigurable robotic system
consists of two independent symmetrically invertible robotic modules. The Locomotion
module, with multi-directional mobility, and Manipulation module capable of lifting and
manipulating payloads (shown in Fig. 3.1). The locomotion module uses a combination of
a Track and a Wheel based mobility such that the tracks are used for longitudinal
locomotion while wheels are used for the lateral locomotion or vice versa. The two mobility
mechanisms (Track and Wheel) are combined using a prismatic joint providing a
translation DOF along the vertical axis. This translational DOF is used to switch between
different mobility mechanisms depending on the terrain. Additionally, this translation is
also used for the reconfiguration of the robot in case of upside-down configuration. On the
other hand, the manipulator robot uses only track-based mobility to maneuver different
terrain environments. The base mobile track mechanism of the robot is connected with a
three-link planar arm mechanism to manipulate different objects in its surroundings. This
arm is also used to reconfigure the robot wherever required depending on the current
configuration of the robot. However, these robots require some methodologies in order to
couple with other or n number of robots to generate a multi-robot configuration assembly.
Active docking is the key feature that enables these modular reconfigurable robotic
systems to form a wide variety of configurations using a multi-robot assembly. Existing
modular robotic systems use gendered [2-4], [7-9], [13-15] or genderless [18], [24-26]
couplers to actively attach with other robotic modules, allowing them to be more versatile
in comparison to rigid-structured robots. A recent review [23] of the various coupling
mechanisms provides a comprehensive analysis of the various coupling techniques and
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their associated sensing methodologies. Based on the inferences drawn from this review,
the Genderless High-strength Efficient Fail-safe high misalignment Tolerant (GHEFT)
mechanism [23-26] was interfaced with either of the STORM modules. The two degrees
of freedom (DOF) genderless and energy efficient mechanism can handle misalignments
in all 6-DOF (X-Y-Z-Roll-Pitch-Yaw) using its elliptical clamping profiles.
However, in addition to the modular robotic platform and the active docking
mechanisms, reliable autonomous docking requires effective detection and tracking of the
target module. Majority of the existing work in autonomous docking relies on close range
proximity sensors [2-3], [30-31], restricting the search-area coverage of each independent
module and the available workspace. While vision-based approaches have been used in
[30-33], they are limited by the target-pattern scalability resulting in the detection of false
positives.

1.2 Contributions
In order to overcome these limitations, a knowledge-based approach is proposed in this
thesis. The major contributions of the work presented herein are summarized as follows:
1. Development of a hybrid tracking algorithm for improved alignment estimation
between modular and reconfigurable robotic modules. The scalability invariant
feature of the algorithm allows for consistent tracking of the target regardless of the
background in the image.
2. Design and fabrication of a novel mobile robot prototype with integrated 2-DOF
active docking mechanisms. This prototype is used as a proof-of-concept for
autonomous docking in a multi-robot assembly.
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3. Experimental validation of the proposed autonomous docking method using ImageBased Visual Servoing (IBVS) [34-36] based on the developed tracking algorithm
and the prototype integrated.. The target features used for the IBVS are extracted
using the proposed tracking algorithm.

1.3 Thesis Structure
A brief overview of different chapters presented in this work is presented in this section,
which is organized as follows:
Chapter 1: Presents the brief background of self-reconfigurable robots, their docking
methodologies as well as the contribution of this thesis.
Chapter 2: Provides a comprehensive literature review and detailed analysis of the selfreconfigurable mobile and lattice-based robots. The type of docking
mechanisms and their sensing techniques have also been discussed in this
section. Finally, conclusions are drawn based on the presented literature to
discuss the motivation for this work.
Chapter 3: Discusses the problem statement followed by a motivating application. This
discussion lists the challenges related to using a vision-based approach. The
comparison is performed based on the performance and portability of different
algorithms as a brief introduction before discussing the proposed design and
algorithm in the following chapters.
Chapter 4: Describes the mechanical design of the robot and the docking interface. This
section also discusses the sensors and the onboard computation components of
the robot.
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Chapter 5: Presents the proposed target detection and tracking technique based on the
application requirements through the limitations of state of the art techniques
existing in the literature
Chapter 6: Presents the experimental setup using the robot and the tracking approach
proposed in the previous chapters. The result obtained from these experiments
are also discussed.
Chapter 7: Summarizes the work and discusses directions for future work

1.4 Selected Publications
Disclosure: Contents from these publications were used in this thesis.

Peer-Reviewed Journal Paper
1. S. Sohal, B. Sebastian, P. Ben-Tzvi, “A Hybrid Tracking Approach for Autonomous
Docking in Self-Reconfigurable Modular Robots”, IEEE/ASME Transactions on
Mechatronics. Submitted, March 2019.

Peer-Reviewed Conference Paper
1. Sohal, S. S., Saab, W., Ben-Tzvi, P., “Improved Alignment Estimation for
Autonomous Docking of Mobile Robots”, Proceedings of the 2018 ASME
IDETC/CIE, 42nd Mechanisms and Robotics Conference, Quebec City, Canada, Aug.
26-29, 2018.
2. Sohal, S. S., Ben-Tzvi, P., “Image-Based Motion Analysis for Self-Reconfigurable
Mobile Robot with Integrated Docking”, Proceedings of the 2019 ASME IDETC/CIE,
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43rd Mechanisms and Robotics Conference, Anaheim, California, Aug. 18-21, 2019.
Accepted.
3. Sohal, S. S., Ben-Tzvi, P., “Sensor Based Target Tracking using Neural Network with
Application to Autonomous Docking”, Proceedings of the ASME 2019 Dynamic
Systems and Control Conference (DSCC). Submitted, March 2019.
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CHAPTER 2
LITERATURE REVIEW

Conventional rigid structured robots [20] are designed to perform a specific task in a
repeated manner. It is easier to operate the robots under ideally controlled conditions [33],
[37], but when the conditions are unknown, several additional factors need to be
considered. In such cases, the need arises for metamorphic robots [3], [6], [22], which can
adapt to unknown tasks and environments. The robots may combine to perform obstacle
climbing locomotion [6-7] to a surveillance [16-18] based operation. Such robots can prove
useful in environments, which are either too dangerous or inaccessible to humans. These
operational requirements have led to the study of reconfigurable mobile robots [6], [22].
Self-reconfigurability is one such feature, which enables mobile robots to align, dock and
reconfigure with discrete modules to scale functionalities, thus adding an additional degree
of freedom. The means of coupling provide a robust way to create a long-chained [6-9],
swarm of modules. Such properties primarily relate to a rigid and robust docking interface.
These properties make robots more versatile, cost economical over conventional rigid
structured robots, and make the robot potentially capable of extreme applications. Without
this interaction, robots are left with mere sensorial perception restraining their ability to act
upon the surroundings. The following subsections will provide a brief introduction about
the self-reconfigurable robots existing in literature, followed with the type of docking used
in such platforms. Later, sensing approach used by these robots will be discussed to provide
a comparative analysis to be followed at the later sections of this chapter. The comparative
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analysis will be used to compare the self-reconfigurable robots based on their mobility,
docking, and the used sensing methodology in order to achieve the autonomous docking.

2.1 Self-Reconfigurable Robots
The robots whose morphological properties can provide different configurations are of
keen interest in research. These robots are primarily classified into two major categories namely, Mobile Configuration Change (MCC) and Whole Body Locomotion (WBL). The
table presented below classifies some of these robots based on their configuration type and
mobility.
Over the past decade, a considerable number of studies have demonstrated the
autonomous control of modular as well as mobile robots (shown in Fig. 2.1). S. Murata’s
M-TRAN [7] uses a blinking pattern of LED for detection using a pinhole camera to form
a long chain of swarm bots. A. Castano’s CONRO [3], M. Yim’s PolyBot G2 [22], G.
Qiao’s Transmote [2], etc. use IR sensor for close range proximity of targets. Ji-an Xu’s
Tanbot [19] uses a gyro for orientation and digital camera to implement the autonomous
docking. These robots have made extensive use of positioning and tilt sensors to minimize
the positional and angular misalignment errors. Each module of modular robots has
multiple degrees of freedom that can align with other robots with the use of sensors. These
robots can maneuver and accordingly, interact with the environment.
As shown in Table 1, most of the modular robots rely on the use of proximity sensors,
such as IR and Photodiodes, to perceive the robots available in their surroundings, but their
operation is limited to the sensing range. The lack of vision sensor in JL-II [6] to recognize
the target also pose a shortcoming for the proposed autonomy. Moreover, autonomous
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Figure 2.1: Multi-module configuration of the self-reconfigurable robots representing
both mobile and lattice based structures, (A) JL II, (B) Transmote, (C) Tanbot, (D)
Polybot G2, (E) CONRO, (F) MTRAN, (G) CKBot, (H) M-BLOCKS, (I) Sambot.

docking is more difficult for mobile-type robots [6], [19] as compared to modular robots
[2-3], [7-9].

2.2 Connectors and Docking Mechanisms
Coupling is an important characteristic of modular robotic systems, which makes them
capable of forming long-chained rigid assemblies. In recent years, mechanical coupling
has received a lot of interest due to the development of self-reconfigurable robots. It plays
an important role in the structural stability of the overall multi-robot assembly. From

9

Figure 2.2: Docking methodology, representing, (A) Gendered
mechanisms, (B) Bi-Gendered mechanisms.

lattice-based [27-28] to a mobile-based [10-18] robots, coupling joints have always been
an area of interest. Such mechanical design properties of modular robotic systems make
them versatile for various field applications. This capability is defined as Shape
Metamorphosis in the literature, which means the ability of a robot to combine with its
equal counterpart to form a larger system. Each individual module equipped with such
mechanisms can prove useful in environments, which are either too dangerous or
inaccessible to humans, such as search and rescue applications. The basing coupling
methodology can be classified into three main types including, Genderless, Gendered and
Bi-gendered mechanisms (shown in Fig. 2.2). The coupling used in case of the genderless
mechanism is symmetric in nature adding a fail-safe advantage over the gendered and bigendered mechanism.
The effectiveness of the coupling is defined by the ability of the mechanism to handle
misalignment, provide a fail-safe rigid connection and being power-efficient [5-6]
throughout the process. The use of pins [22], hooks [21], [32], magnets [27], [37], etc.
classifies the versatility of such mechanisms under swarm applications. An example of
these types of mechanisms is shown in Fig. 2.3. These properties can vary from being
10

Gendered to Genderless, resulting in uni-directional and bi-directional coupling, as shown
in Table 1. A gendered coupling is defined as the ability of the mechanism to couple only
with the mechanism of the opposite type. An example of this approach would be pins and
hook being clutched in the slots on the opposite mechanism. While genderless mechanisms
are flexible, they can easily couple with a mechanism of similar type. This type of coupling
is important when one of the mechanisms fails to actuate due to malfunction. In such cases,

Figure 2.3: Docking mechanism used for self-reconfiguration in robots, (A) MTRAN
III coupling mechanism, (B) Roombot coupling showing: i) Rendered visualization of
connected Roombot modules, ii) Active coupling, (C) Sambot module with integrated
sensors and coupling, (D) Trimobot module showing coupling mechanism at the front.
11

the opposite mechanism can be actuated to couple with this mechanism to result in a
coupled structure. Most of the mechanisms in the literature are gendered. Moreover, a
recent survey [23] on coupling mechanisms provided a thorough analysis of such
mechanisms for modular reconfigurable robots. The survey categorizes the coupling
mechanisms based on their gender type, sensing, misalignment tolerances, and coupling
techniques. While high misalignment tolerances using a coupling mechanism is desirable,
it is equally important for a coupling mechanism to operate under fail-safe situations.

2.3 Sensing Techniques for Autonomous Docking
Table 1 shows the type of sensing methodology used for autonomous docking by most of
these robots. Most of the positioning based inter-robot docking takes place in a close
proximity range using Infrared sensing (IR) [27-28], and Ultrasonic [6] sensors. However,
sensory failures can accumulate in real-world situations due to the presence of obstacles.
A vision-based technique using blinking patterns in [38] can be problematic under a similar
light source in its surroundings. The lack of vision to recognize the target becomes a
shortcoming for this type of autonomy. Development of the robots using smart cameras

Table 1: Classification of Robots for Autonomous Control Based on Sensing.
Robot
CKBot
Tanbot
M-TRAN
MBLOCKS
Transmote
JL II
Polybot G2
CONRO
Swarm-bots

Sensor
Smart camera, IR
Camera, IR, Gyro
IR, camera
IR, Hall effect
IR, Angle/Tilt
IR, GPS, Ultrasonic
IR, Hall effect
IR
Camera, IR

Coupling
Magnetic linkage
Pin and hole-latch
Hooks
Magnetic linkage
Lock and key
Hooks-gripper
Pin and hole-latch
Pin and hole-latch
Hooks-gripper
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Coupling
Gendered
Gendered
Gendered
Gendered
Gendered
Gendered
Bi-Gendered
Gendered
Gendered

[37] and SLAM based approach [5] can overcome such limitations. However, the inability
to carry payload limits their application versatility due to their small size. A combination
of camera and a tracked based mobility [39] tries to highlight the in-field application
requirements. However, the robot is limited by its locomotion capabilities, and chain-like
formation results in higher misalignments resulting in less effective reconfiguration.
Moreover, the use of color segmentation can be erroneous due to changing scalability, and
the presence of the target pattern in an intermixed environment. A comparison presented
in [40] lists the challenges of using a target tracking algorithm on a low-cost onboard
computer. A recent example of a lattice-based robot using an RGB-D sensor presents the
use of visual SLAM based technique running on a host PC, which is used to send the
commands to actuate the robot to the desired location. These robots rely on color
segmentation approach by attaching a colored marker to the robot. The environment is
structured in a way that the color of the external objects does not interfere with the color
of the target. M-Blocks uses 24 polarized magnets on its edges combined with the IR sensor
to form complex rearrangements. Similarly, MTRAN also uses magnets to dock with its
counterpart tolerating an offset of 0o, 90o, 180o, and 270o. The Transmote modules can
tolerate high translational and rotational misalignments with one module being male and
another female, equipped with IR transmitters and receivers to estimate the relative location
and orientation of the modules.

2.4 Comparative Analysis Based on Autonomous Docking
Based on the analysis, the basic requirements for autonomous coupling of selfreconfigurable robots can be summarized based on the following categories:
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1. Robot Mobility – In order to minimize the coupling misalignments, the robot has
to be capable of providing multi-directional mobility. Such an approach will help
in operating the robot in a constrained workspace. Moreover, the robot should be
able to operate on both structured and unstructured terrain unlocking the potential
of a wide range of applications.
2. Coupling mechanism – A strong coupling connection is required when a robot
operates in a long-chained assembly. Moreover, the mechanism should have
multiple DOF to provide flexibility to the assembly. The mechanism needs to be
energy efficient, such that no energy is required in order to maintain a particular
configuration. This type of feature can be achieved using a worm-gear mechanism.
3. Target tracking – There arises a need to use visual tracking to determine a longrange position and orientation navigational accuracy. The use of image processing
techniques allows us to detect and track the target with certainty in the given frame
of reference. These applications can be found in mobile [6] and underwater robots
[32-33]. The combined use of visual feedback along with the positional sensors
serves a better advantage over conventional positional sensors. There are several
image processing methods available to detect and track the targets effectively but
each method varies based on their operational speed and accuracy. The basic
requirements for real-time detection and tracking are:


The method should operate in real-time conditions,



It should be fast, and



It should be robust to determine the targets with certainty even in case of
background noise.
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These requirements will be highlighted in the later chapters with an introduction of the
visual servoing technique using a Hybrid Target Tracking algorithm. The design of a selfreconfigurable mobile robot is also proposed with an integrated 2-DOF docking
mechanism. The work proposed here is further utilized to perform the autonomous docking
using Image Based Visual Servoing technique.

2.5 Conclusions
The literature related to the existing self-reconfigurable robots (both mobile and latticebased) was discussed in this chapter. The later sections in this chapter discussed the
coupling mechanisms and their related sensing techniques used for autonomous docking in
these robots. Since the existing robots form mostly a chain type configurations with low
load carrying capabilities, the necessity of a self-reconfigurable robot capable of carrying
a heavy load with an ability to traverse the unstructured terrains was inferred from the
discussion. The integration of a coupling mechanism capable of tolerating higher
misalignments was also inferred based on the discussion covered. The proposed
mechanical design of the robot will be discussed in subsequent chapters.
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CHAPTER 3
PROBLEM STATEMENT AND PROPOSED SOLUTION

Autonomous docking requires modular robotic systems to be able to autonomously
navigate towards each other, such that their respective docking mechanisms are within a
certain distance of each other. The overall docking approach can be summarized as a twostage process: initial coarse alignment (stage 1), and precise alignment using autonomous
docking (stage 2).
The coarse alignment stage brings the robots in close proximity to each other so as
to perform stage 2 (autonomous docking). Although it is trivial when the absolute locations
of both robots are available with a high level of accuracy, this information is often not
available in field robotic applications. For these cases, the positional accuracy provided by
a GPS or other absolute positioning systems including POZYX [44] or LOSA [45] is
sufficient to perform the initial coarse alignment. In GPS denied environments, SLAM [5]
can be used for the task instead. Based on the estimated pose of each module, existing
multi-robot path planning techniques could be used to perform the primary stage. The
techniques proposed in this work assume that one of the robotic modules (target module)
is stationary and the other (source module) moves towards the target module to achieve
autonomous docking.
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3.1 Motivating Application for a Multi-robot Assembly
The motivation of this research is attributed to the reconfigurable robotic research called
STORM. The research focuses on the self-reconfigurability of mobile robots, which are
capable of operating on structured and unstructured terrains providing better flexibility,
mobility, and manipulation (shown in Fig. 3.1). The focus of this research deals with the
autonomous docking of multiple robots to generate multi-robot configuration as per the
required application. STORM is comprised of two independent modules namely, HybridWheeled locomotion robot and Hybrid-Manipulator mobile robot. These robots are
symmetrically invertible such that they have the capability to operate even under the flipover situation using reconfiguration. Apart from these features, the Hybrid-Wheeled

Figure 3.1: 3 Robot docking shown in step-wise simulation for humanoid
configuration performed in V-REP with STORM Locomotion and Manipulator
module. (A) Random positioning of the robots, (B) Docked configuration, (C)
Rotational lift of the Manipulator robot, (D) Vertical lift using rotation of the
locomotion robot, (E) Arm extension.
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locomotion robot is capable of providing bi-directional locomotion i.e. along the
longitudinal and lateral direction. Here a prismatic joint is used in order to switch between
different mobility. The Hybrid Manipulation Mobile robot is capable of providing
manipulation using a robotic arm attached to the base link of the locomotion robot. These
robots are interfaced with a 2-DOF docking mechanism, which is capable of tolerating high
misalignments (discussed later in Mechanical design), which is highly effective when robot
operates on unstructured terrain. The main idea behind this research is the experimental
analysis of multi-robot assemblies or configurations to provide flexibility over
conventional rigid mobile robots.
As a part of this research, a hybrid-wheeled locomotion robot is autonomously docked
on either side of the manipulator robot to form a multi-robot configuration. Throughout the
docking process, the manipulator robot remains stationary, while the hybrid-wheeled
mobile robot performs the locomotion. An extension of such application could include
docking of n number of robots to form different configurations using multi-robot
assemblies. Such an example could include using two manipulator robots on either side of
a locomotion robot capable of providing multi-directional locomotion along with dual
manipulation. In this chapter, a basic motivating application is shown using three robots,
where two locomotion modules are docked on either side of a manipulation module. In
order to proceed further with the docking procedure, the problems related to the visionbased tracking are discussed in the next sections. The work related to the autonomous
docking of the mobile robots has been divided into two main stages, including, robot
motion planning, and visual servoing, as described below:
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1. Using robot motion planning on the source robot to approach the target robot or
vice versa. This approach can be implemented using the positioning sensors such
as POZYX, rtk-GPS, etc., which can provide the relative target position with a mere
cm range accuracy.
2. Following stage 1, using a vision-based approach to minimize the errors related to
stage 1. This stage uses the motion of the features in the image plane in order to
determine the locomotion of the source robot.

3.2 Challenges with Vision-based Approach
Visual image data itself represents the spatial distribution of physical quantities such as
luminance and spatial frequencies of an object. The perceived information may be
represented by attributes such as brightness, color, and edges. Such features are extremely
important for the detection of an image. The use of color filter array (CFA) such as Bayer
filter allows obtaining such features by arranging RGB color filters on a square grid of
photo-sensors. The resulting output of this filter is viewed on the image plane for a defined
pixel resolution. Typically, the output of this mosaic filter is a three-channel RGB image,
where each channel is defined for Red, Blue and Green. This allows the image sensors to
convert the original scene as seen by the sensor in terms of pixel values, which can be used,
for processing or tracking applications. However, real-time tracking of the visual target is
difficult since the image sensor requires an additional processing unit in order to perform
different image operations.
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As mentioned previously in chapter 2, visual feedback is more reliable as compared to
the various proximity based sensing techniques due to its ability to detect distinct target
apart from the surroundings. Vision-based detection and tracking allow the robotic
modules to come together without relying on absolute positioning methods. However,
vision-based techniques have their own set of challenges. Detection and tracking based on
color can be difficult when the target is intermixed with its surroundings (as shown by a
color segmentation of the image in Fig. 3.2). Using markers mentioned in [41-42] for
positioning can be unreliable under low-lighting conditions. Additionally, the use of
sliding-window approaches increases the computational expense of the target search in
each frame, as per the performance comparison. Moreover, other feature-based tracking
techniques [36] are not feasible on a low-cost architecture for real-time target tracking. As
such, color based target tracking [19] is a commonly used approach due to its low
computational expense and reliable tracking under variable lighting conditions (using a
colored light source). However, using only a single color for tracking can lead to failure
when the target is present in a similar colored background. As such, these techniques

Figure 3.2: Failure in the identification of the target using color segmentation over the
whole image (for green and blue). Thresholding of Input image based on blue color and
green color.
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require a well-defined environment to avoid false positive segmentations [5], as shown in
Fig. 3.2. This makes color based tracking unreliable for field robotic applications where
the environment is previously unknown.

3.3 Proposed Solutions and Improvements
In order to obtain a consistent tracking of the targets, a Hybrid Target Tracking (HTT)
approach is presented in this section. The proposed technique has two main phases
including, detection of the target (Phase 1), and tracking of the target based on color (Phase

Figure 3.3: Flow chart of the proposed algorithm
representing the steps in both phase 1 (detection) and
phase 2 (tracking) of the algorithm.
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2). A flow-chart representation of the algorithm is shown in Fig. 3.3. The initial discussion
about the technique will be followed with the possible improvements of using such
methods for tracking of colored targets. The motivation related to the proposed approach
is as follows:

1. The use of Template Matching in [43], is an effective way to overcome such
obstructions; however, such methods are difficult to implement in real-time due to their
performance limitations.
2. In [43], Krukowski and Perkins presented how two methods, Template Matching, and
Optical Flow, can be combined together to detect the UAV even in case of a noisy
background.

The use of such combination for object detection provided the motivation in this
research to use the Color Detection method, which, combined with Template matching and
Optical Flow, can track the target effectively irrespective of other objects in the image. The
proposed technique is also capable of tracking the targets under varying illumination by
using the HSV (Hue, Saturation, and Value) color-space model.
The objective of the proposed methodology is to bring two distant robots closer to each
other using a path planning method and after they come in close proximity, the autonomous
docking procedure is initiated. The detection process makes use of the Template Matching,
Optical flow method and Color segmentation techniques along with continuous rotation
high-speed servo with positional feedback to adjust the position of the robot relative to the
target. Since the method is based on LED pattern detection, several different patterns can
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Figure 3.4: Proposed Hybrid-Target Tracking method, (A)
Template used for the search in the whole image, (B)
Normalized image as a result of the template and the input
image, (C) Obtained Region of Interest, (D) Output image
showing final detection.

be assigned to different robots for multiple docking procedures. As shown in Fig. 3.4,
template image is used (where the size of the template is less than the size of the image) to
initialize the detection process. The SSD (Sum of Squared Difference) approach is used to
relate the template with the input image based on the color values of the image. The
resulting image is used to find the maximum value in the normalized image generating a
bounding box based on those pixel coordinates, width and the height of the assigned
template. The area of the generated bounding box is extracted to find the centroid of the
RGB features using Image Moments. Additionally, morphological filters are applied to
eliminate the pixelated noise using erosion followed by dilation technique. The generated
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centroids are used to estimate the depth using the calibrated focal length and to estimate
the pose of the target robot.

3.3.1 Noise Elimination with an Increase in Accuracy
As a conventional approach of the color segmentation technique, the segmentation based
on the desired color is performed by defining a set of threshold values for the HSV colorspace. This process takes the whole image as input while returning the areas of the desired
color with white pixels and the remaining areas as black. For each consecutive frame, this
process is done repeatedly to keep consistency with the tracking of the target position in
the image plane. This white pixelated area other than that of the target is defined as the
noise. Such an approach is ineffective when the target is present only in the fraction area
of the image plane. These noise pixels are eliminated using the proposed region-based
tracking methodology. Once the region of the target is found in the image plane, optical
flow technique is used to estimate the motion of this region in the consecutive frame with
the simultaneous segmentation of the region for the desired color to be used for tracking as
shown by the marker in Fig. 3.4.

3.3.2 Improvement in Frame-rate
Apart from the accuracy of the algorithm, it is also desirable to high frame rate value (fps
or frames per sec) so as to avoid any delays between the tracking and the real-time motion
of the robot. This is defined as a measure of how many frames are being processed per sec.
Since the proposed tracking approach focuses only on the Region of Interest, an
improvement in terms of processed frames is achieved compared to when the whole image
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Table 2. Performance comparison of target tracking techniques.
Method
No. of fps for 60 sec tracking
Search area
1
2
3
Average fps
EI
9.06 9.11 9.04
9.07
TM**
EI
29.98 29.92 29.93
29.94
OF
EI
16.56 16.31 16.23
16.36
CS
ML
29.83 29.68 29.73
29.74
TM + OF*
ML
22.54 22.26 22.34
22.38
TM + OF + CS*

is used as an input. The measure is hardware dependent however, to provide a comparison
for the increase in value, a table is shown above. The search area is defined as EI (Entire
Image) for conventional techniques and ML (Motion Limited) for proposed techniques. As
the proposed technique uses a region-based approach to track the target so the input frames
are processed much faster compared to conventional processing approach, where the whole
image is searched for the target. An improvement of approximately 37% in fps is achieved
when a region-based approach is used.

3.3.3 Proposed mobility mechanism
In order to overcome the issues of the payload and multi-directional mobility, a mobile
robot is proposed (Fig. 3.5) which is capable of providing bi-directional mobility along its
longitudinal and lateral axes. The mobile robot consists of two main mobility mechanisms,
including a track-type mobility and a wheeled-type mobility. Figure 3.5 shows both the
modes of the robot. The mobility of two mechanisms is independent of each other such that
only one of the mechanism will be in contact with the ground at a time. These two
mechanisms are connected using a lead-screw assembly, which acts a prismatic joint in
order to actuate either of the mechanism. As a proposed approach for autonomous docking,
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Figure 3.5: Hybrid-Wheeled Locomotion Robot, (A) Isometric view, (B) Track
mode, (C) Wheeled mode.

the errors along the X, Y, and Z-axes will be minimized using track-type, prismatic joint
and the wheeled-type mechanism respectively.
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CHAPTER 4
MECHANICAL DESIGN AND HARDWARE
INTEGRATION

This chapter discusses the mechanical design and the hardware integration of the hybrid
wheeled-tracked robotic module with integrated genderless docking, which is part of the
overall design of STORM. As discussed earlier, STORM consists of two sub robot modules
namely, Hybrid-Wheeled mobile robot and Hybrid Manipulation mobile robot. Each
module is symmetrically invertible and is interfaced with the 2-DOF GHEFT mechanism
[23-26], ensuring a rigid coupling during the multi-robot assembly. The discussion in this
chapter put more emphasis on the design integration, sensorization and the bi-directional
locomotion of the Hybrid-Wheeled mobile robot.
The use of bi-directional mobility helps to minimize the positioning error in locomotion
while the use of a docking mechanism helps with eliminating the errors resulting from
sensor detections. The proposed mechanical design is tested experimentally in a simulated
environment based on a feature-based target-tracking algorithm. The experimental results
are shown in Section 4. The selection of the GHEFT mechanism based on literature review
[23] is done for the following three main reasons:

1. Genderless and Fail-Safe - The Genderless feature enables the mechanism to actuate
from either inside or outside along with bi-directional coupling. Such a feature is a
crucial factor in the case of malfunctioning, as compared to its relevant counterparts,
namely Gendered and Bi-Gendered mechanisms.
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Figure 4.1: Hybrid-Wheeled Locomotion robot interfaced with 2-DoF
prototype and compared with the original GHEFT mechanism. The
interfaced mechanism is 65% of the original GHEFT mechanism.

2. High Strength - The mechanism can tolerate 34% higher payloads and 6% higher
moments. The distribution of stress through a large surface area of the clamp makes it
reliable under higher loads compared to shafts, pins or hook-type mechanisms.
Moreover, the Non-backdrivable nature of the dual spiral grooved cam makes it
efficient under such instances.
3. Tolerating Higher Misalignments - Since sensor and control error can get accumulated
due to measurement uncertainty, a docking module should be capable of tolerating such
misalignments. It can tolerate higher misalignments along with 6-DOF motion
compared to the other mechanism as highlighted in this review.

The detailed design analysis and experimental setup have been presented in the
following sections.
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4.1 Self-configurable and Transformable Omni-directional Robotic Modules
(STORM)
As mentioned before, the two major components of the modular reconfigurable robotic
system discussed in this thesis consists of the robotic modules and their active docking
mechanisms. In order to demonstrate the proposed autonomous docking techniques, a
modified version of the STORM locomotion module was built (Fig. 4.2) and interfaced
with an active GHEFT mechanism. The actual mechanism has been scaled down to 65%
of its original size (Fig. 4.1) and interfaces with the locomotion robotic module. The robot
possesses an overall wheelbase (L), track width (W), wheel radius (r), and a total height
(H) of 310mm, 250mm, 40mm, and 92mm, respectively. The weight of the robot is 1.75kg
with all the parts manufactured using 3D printing. The docking mechanism has 2-DOF and
provides a maximum clamping force of 38.8N and rotational torque of 2Nm. The number
of starts of the spiral grooved cam for the clamps [23-26], [48] was increased from 1 to 2
to provide equal translation for both clamps and eliminate the offset in case of a single

Figure 4.2: Hybrid-Wheeled Locomotion robot with, (A) track-actuated mode, (B)
Wheeled mode.
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spiral, as shown in Fig. 4.3. The spirals are constrained with a geometric maximum (Dmax)
and minimum diameter (Dmin) of 50mm and 6mm [18], [48], respectively.
The camera attached to the side frame (Fig. 4.1) of the locomotion robot is used as
a source for analyzing the shift in the position of the target features. The operating mode
of the robot (tracked/wheeled) is dependent on the position of the desired features in the
Image Plane. Such a change helps in minimizing the offset when the clamps meet at the
center in the former design. The slip ring in the mechanism was removed to restrict the
rotation of the mechanism to one full turn in either direction. This limit was implemented

Figure 4.3: Integrated GHEFT mechanism of the mobile robot, (A) Exploded
view of the docking mechanism, (B) dual-spiral grooved cam profile with a slide
potentiometer to one of the clamp, (C) Compact view of the joint assembly.
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in the software as well as using encoder measurements. The worm- gear assembly was
eliminated to incorporate a direct-drive assembly using a high torque motor connected to
the coupling case of the mechanism. The motor is attached to the side frame of the robot
and the coupling case is linked with a free to move/passive wheel using a ball bearing. A
slide-type potentiometer is attached to the inner side of the sliding plate with a travel length
of 20 mm. This potentiometer acts as positioning feedback for the clamps. The rotary
motion of the case is recorded using an encoder attached to the back end of the motor shaft
controlling the rotation. The high misalignment tolerance capability of the mechanism
accounts for the low 20 PPR resolution of the encoder. The sensory feedback from both
devices is used for error minimization when used for positioning alignment over the
TCP/IP network. The integrated mechanism can provide a maximum clamping force of 35
N and a rotational output torque of 2 Nm. According to a simulation study in SolidWorks,
the maximum expected stress on the components are well below the maximum stress value
of 44 MPa for the chosen material. It requires 2.74 MPa at the maximum clamping force
of 35 N and 8.1 MPa at a combined load of 35 N and 1.55 Nm (rotation requirement for
the robot).
Apart from these changes, the driving module of the Vertical Translational Unit
(VTU) [16-17] was modified to house two motor-driven lead-screw mechanisms [18]. The
change (shown in Fig. 4.4) helps to eliminate the tilt while keeping the mechanism
balanced from both sides as observed in the field-testing of STORM. The overall weight
of the locomotion robot is 1.75 kg while the weight of the manipulator robot is estimated
to be around 1 kg. The simulated robot has a wheelbase (L) of 310 mm, track width (W) of
250 mm, track height (H) of 92 mm and track-wheel radius (r) of 40 mm. The maximum
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Figure 4.4: Vertical Translational Unit (A) new mechanism using dual drive on either side
for a synchronized motion, (B) cut-section view of the locomotion robot representing the
prismatic joint between the Hybrid-Wheeled assembly and the side frame of the driving
mechanism.

and the minimum velocity of the tracking module is 0.345 m/sec and 0.155 m/sec,
respectively. The tracked unit and the coupling rotation are controlled using a high torque
servo whereas the lateral (wheeled) motion of the VTU is controlled using a high-speed
servo. The Wheeled assembly is driven using two pairs of a 4-wheel timing belt mechanism
to actuate each side independently. The wheeled module operates at a maximum and
minimum velocity of 0.265 m/sec and 0.22 m/sec, respectively. The VTU operates up and
down at a constant velocity of 0.05 m/sec. The motorized lead screw (dthread = 6mm, pitch
= 2mm) and passive shafts help in guiding the mechanical motion of the VTU through a
brass nut and a linear bearing (dbore= 6mm) on either side of the mechanism. These values
have been defined based on the locomotion capability of the robot under each mode.
The onboard image processing is done using a Raspberry-Pi 3 single board
computer (Fig. 4.5). The Pi is connected to a Teensy 3.2 microcontroller to control the
servos over serial-communication. A 5MP camera is attached to the side frame of the
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Figure 4.5: CAD illustration of the STORM robot: (A) The isometric cut-section view of
the front side showing the inner side of the GHEFT mechanism, (B) The side cut-section
representing Vertical Track unit (VTU) and the Wheeled assembly of the robot, (C) The
architecture of the VTU exposing the dual actuation of the lead-screw-assembly, (D) Top
view of the robot showing the overall actuating positions of the robot.
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Figure 4.6: Positioning configuration of the robot based on (A), (B), (C) normal and (D)
upside-down configuration in V-REP with local axis X (red), Y (green), and Z (blue).

robot to give visual feedback of the marker attached to the target robot. Here, the use of s
and t subscript represents the source and the target robot, respectively. A slide-type
potentiometer with a travel length of 60 mm is used to measure the vertical displacement
(𝒙𝒗𝒔 )

of the Vertical Translation Unit (VTU). A rotary encoder is attached to the shaft of the

coupling motor (𝜽𝒔 , 𝜽𝒕 ) to measure the angular position of the coupling case of both the
robots. The misalignment tolerance capability of the GHEFT mechanism accounts for the
low resolution of the coupling encoder. An MPU-9250 IMU sensor is used to keep track
of the Roll-Pitch-Yaw angles of the robots in normal and upside down position (Fig. 4.6).
The implementation of the velocity control under IBVS has been done using a dual
H-bridge motor driver having a maximum current rating of 2A per channel. The in-built
Wi-Fi of the Pi is used to create a TCP/IP network to share the sensor data between the
target and the source robot (𝛼𝑠 , 𝛼𝑡 , 𝛽𝑠 , 𝛽𝑡 , 𝛾𝑠 , 𝛾𝑡 , 𝑥𝑠𝑐 , 𝑥𝑡𝑐 , 𝜃𝑠 , 𝜃𝑡 ).

4.2 Proposed Mobility for Autonomous Docking
The effectiveness of the bi-directional mobility in minimizing the error for a parallel
docking of self-reconfigurable mobile robots is discussed in this section. The controlled
inputs to the velocity of the robot are calculated based on the desired position of the target
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Figure 4.7: Geometry models designed in V-REP [43] with an integrated GHEFT
mechanism for simulation study, (A) Hybrid-Wheeled Locomotion module (B)
Manipulator module.

pixels in the image plane. In order to demonstrate the proposed methodology of
autonomous docking and the robot design, a simulation using MATLAB and V-REP [47]
was conducted [48]. The locomotion and manipulation modules of STORM were modeled
in V-REP (Fig. 4.7) based on their CAD models designed in SolidWorks. The positioning
of the robots in V-REP simulation was kept relative to the positioning of the target in the
MATLAB simulation based on eye-in-hand camera configuration. The docking shown in
Fig. 4.8 is a one-sided docking; however, both robots can be actuated in case of an
intermediary obstacle or malfunction. Moreover, the validation of the proposed
autonomous locomotion hypothesis is performed considering the base plane of the robots
to be parallel to each other. The height difference between the modules is less than 50 mm,
taking into account the fact that the maximum VTU translation is 60 mm.

4.2.1 Simulation Setup
Initially, the clamps 𝐶𝑠 𝐶𝑠′ with height 𝑟 − ℎ𝑠𝑣 above the ground, of DOK-1 (Docking
Mechanism 1) are positioned at extreme ends relative to its target, DOK-2 (𝐶𝑡 𝐶𝑡′ ). The
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Figure 4.8: IBVS simulation using locomotion (source) and manipulator robot (target)
shown in V-REP simulated environment, where local X, Y, Z axis are defined by bar red,
blue and green, (A) Orientation alignment using TCP/IP network, (B) Translational motion
along X-axis, (C) Upward lift for wheeled assembly actuation, (D) Translational motion
along Z-axis, (E) Final docking for assembly reconfiguration.

translation required for the clamping can be written as ∆ℎ = ℎ𝑠𝑣 − [(ℎ𝑠𝑐 ⁄2) + (ℎ𝑡𝑐 ⁄2)],
with ℎ𝑠𝑐 and ℎ𝑡𝑐 being the clamp potentiometer value of the source and the target robot. The
IMU data (𝛼 − 𝑟𝑜𝑙𝑙, 𝛽 − 𝑝𝑖𝑡𝑐ℎ, 𝛾 − 𝑦𝑎𝑤) of the source (s) and the target (t) robot is
defined as 𝛼𝑠 , 𝛼𝑡 , 𝛽𝑠 , 𝛽𝑡 , 𝛾𝑠 , and 𝛾𝑡 respectively. The feedback from the slide-type
potentiometer attached to the clamp is used to minimize the above-mentioned difference.
Furthermore, the orientation error between the coupling cases (𝜃𝑠 , 𝜃𝑡 ) is minimized to align
the clamps of DOK-1 and DOK-2 parallel to each other. The IMU data and the
potentiometer data of the VTU are further analyzed to have a configuration estimate
regarding the orientation of the robot. If required, the VTU mechanism is actuated to
minimize the rotation error about the Roll-Pitch-Yaw axes based on the value of ℎ𝑠𝑣 . The
IMU data from both the robots (𝛼𝑠 , 𝛼𝑡 , 𝛽𝑠 , 𝛽𝑡 , 𝛾𝑠 , 𝛾𝑡 ) is then analyzed using TCP/IP
network to position DOK-1 parallel to DOK-2 as shown in Fig. 4.8. The target robot acts
as a server while the locomotion robot acts as its client counterpart. This docking
demonstration was done using only two robots; however, the same procedure could be
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repeated with multiple robots to for, m different assemblies or configurations. The final
error (∆𝑒) minimization can be summarized as follows,

∆𝑒 = min{(𝛼𝑠 , 𝛽𝑠 , 𝛾𝑠 , ℎ𝑠𝑐 , 𝜃𝑠 ), (𝛼𝑡 , 𝛽𝑡 , 𝛾𝑡 , ℎ𝑡𝑐 , 𝜃𝑡 )}

(4.1)

The relative difference in the positions of the target and the source robot is 0.4 m, 0.05 m,
0.5m along 𝑋, 𝑌, 𝑍respectively, as shown in Fig. 4.8. The minor errors accumulated from
the orientation alignment over TCP/IP network are further minimized under the IBVS
control [34-36].

4.2.2 Experimental Result and Analysis
Visual Servoing refers to the use of target features as viewed from the image plane to
control the motion of the robot. The target features are obtained using the proposed HTT
algorithm, using the camera mounted on the side frame of the hybrid-wheeled locomotion
robot. An RGB marker is used as a target for the source robot to perform the orientation
and positioning alignment by moving the target features to a desired location in the image
plane, which in this case is the center of the image plane. The proposed mobility
mechanism is validated using a simulation model in MATLAB [48].
The simulated data shown in Fig. 4.9 represents a curve of feature error for different
modes of operation at each step. There are 5 steps involved for a full motion between an
initial and final position (as shown in Fig. 4.9(g)). At first, error along the X-axis (step-1)
is minimized with reference to the feature at the center, followed by initial Y-estimate
(step-2) as the motion along Y is subject to change with the motion along the Z-axis. This
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motion is followed by an initial motion along the Z-axis (step-3) in order to move the robot
to the desired position before minimizing the error along the Y-axis. After the Y-axis error
(step-4) is minimized, the error along the Z-axis (step-5) is minimized within an acceptable
error threshold. The motion of the target features was shown in Fig. 4.9(b), highlighting
the motion of the 3D point coordinate in the 2D image plane for the motion along the XY-Z-Yaw axes. Each of the 3D target feature spheres is represented by 𝑃1 (Red), 𝑃2 (Green),
and 𝑃3 (Blue).
The point projection is a mapping of a 3D coordinate to a 2D homogenous coordinate.
The extrinsic camera parameters (∆𝛼, ∆𝛽, ∆𝛾) define the 3D point relative to the camera’s
3D frame. These parameters are defined by the relative change in the IMU data value of
the source and the target robot after the orientation alignment using a TCP/IP network. The
intrinsic parameters convert the 3D point coordinates into Image plane coordinates. The
𝑝

𝑝

𝑝

𝑝

𝑝

𝑝

projection of the points 𝑃1 − 𝑃2 − 𝑃3 is defined by 𝑡1 − 𝑡2 − 𝑡3 (where 𝑡1 = (𝑢1 , 𝑣1 ),
𝑡2𝑝 = (𝑢2𝑝 , 𝑣2𝑝 ), 𝑡3𝑝 = (𝑢3𝑝 , 𝑣3𝑝 )) for the desired position coordinate, 𝑡1𝑑 − 𝑡2𝑑 − 𝑡3𝑑
(where𝑡1𝑑 = (𝑢1𝑑 , 𝑣1𝑑 ), 𝑡2𝑑 = (𝑢2𝑑 , 𝑣2𝑑 ), 𝑡3𝑑 = (𝑢3𝑑 , 𝑣3𝑑 )). The aim to minimize the error (∆𝑒𝑓 )
between the 𝑡1 − 𝑡2 − 𝑡3 , and 𝑡1𝑑 − 𝑡2𝑑 − 𝑡3𝑑 , defined as,

∆𝑒𝑓 = min{(𝑡1𝑝 , 𝑡1𝑑 ), (𝑡2𝑝 , 𝑡2𝑑 ), (𝑡3𝑝 , 𝑡3𝑑 )}

(4.2)

The relation of the pixel coordinates and the corresponding 3D point coordinate (X, Y,
Z) can be obtained using its 2D point projection (x, y) as,
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𝑥 = 𝑋⁄𝑍=(𝑢 − 𝑐𝑢 )/𝑓𝛼
𝑦 = 𝑌⁄𝑍=(𝑣 − 𝑐𝑣 )/𝑓

(4.3)

where, (u, v) represents the pixel coordinates of a point on the image plane. The set (cu, cv,
f, α) defines the intrinsic parameters of the camera, where (cu, cv) represents the coordinates
of the principal point, f is the focal length and α is the ratio of the pixel dimensions. The
time derivative of the above equation results in,

𝑥̇ = (𝑋̇ − 𝑥𝑍̇)/𝑍
𝑦̇ = (𝑌̇ − 𝑦𝑍̇)/Z

(4.4)

Since the camera placement of the robot is an eye-in-hand configuration, the velocity
of the 3D point (P) can be related to the spatial velocity (v, ω) of the camera as,

𝑋̇ = −𝑣𝑥 −  𝜔𝑦 𝑍
𝑃̇ = −𝑣 − 𝜔 × 𝑃 = { 𝑌̇ = −𝑣𝑦 
𝑍̇ = −𝑣𝑧 +  𝜔𝑦 𝑋

(4.5)

Considering the motion configuration of the robot, it has two independent DOFs in
each mode and an additional DOF along the Y-axis. The image interaction matrix (L) for
a single feature using the above-mentioned equations can be written as,

−
𝐋𝒊 =
[

𝑓
𝜌𝑢 𝑍
0

𝑢𝑖
𝑓 2 + 𝜌𝑢2 𝑢𝑖2
0 −
0
𝑍
𝜌𝑢 𝑓

,
𝜌𝑣 𝑢𝑖 𝑣𝑖
𝑓 𝑣𝑖
0 −
0
−
𝑓
𝜌𝑣 𝑍 𝑍
]
0
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∀𝑖 = 1,2,3

(4.6)

where f is the calibrated focal length, Z is the estimated depth value, (𝜌𝑢 , 𝜌𝑣 ) defines the
pixel size, and (u, v) defines the pixel coordinate of the corresponding feature. Solving
these parameters for all 3 features results in a 6x6 Image interaction matrix. The velocity
of the robot [𝑣𝑐 , 𝜔𝑐 ]𝑇 (=[𝑣𝑥 , 𝑣𝑦 , 𝑣𝑧 , 𝜔𝑥 , 𝜔𝑦 , 𝜔𝑧 ]𝑇 ) corresponds to the feature error, ∆𝑒𝑓 ,
where 𝜔𝑥 and 𝜔𝑧 is 0. Based on these parameters and Eq. 4.6, the velocity control for the
required locomotion can be written as,

Figure 4.9: IBVS simulation for the autonomous docking control, (A) feature error plot,
(B) X-axis, (C) Y-axis, (D) Z-axis, (E) Trajectory based on real world coordinates.
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[𝑣𝑐 , 𝜔𝑐 ]𝑇 = λ([𝐋𝟏 𝐋𝟐 𝐋𝟑 ]𝑻 )−𝟏 ∆𝑒𝑓

(4.7)

where 𝜆, L1 , L2 , and L3 represent the scalar gain, image interaction matrix of feature 1, 2,
and 3, respectively. These velocity parameters (Eq. 4.7) are used as the velocity inputs of
the source robot.

4.3 Conclusion
The mechanical design of the Hybrid-Wheeled mobile robot integrated with a 2-DOF
genderless docking mechanism was presented in this chapter. The sensorization of the
robot and the docking mechanisms were discussed in detail. Additional design changes
related to the Vertical Translational Unit (VTU) were also presented to demonstrate the
improved stability with the prismatic joint actuation of the assembly. A simulation
representing the proposed mobility of the robot for autonomous docking is also presented
using a visual servoing control model. The presented control model relates the motion of
the features in the image plane with the input velocity of the robot.
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CHAPTER 5
TARGET DETECTION AND TRACKING FOR
AUTONOMOUS DOCKING

In order to perform the autonomous docking, a vision-based approach is proposed in
this chapter. The technique is an improvement over the conventional target tracking
algorithms providing scalability invariant detection with consistent tracking of the features
in the consecutive frames. The technique is a two-phase process, discussed in detail in the
following sections. Phase 1 of the technique is a preliminary search, also referred to as a
one-step process while Phase 2 is a continuous process. The advantage of the proposed
technique over the conventional search-based approach is shown in Fig. 5.1.

5.1 Target Tracking
The objective of the proposed methodology is to bring two distant robots closer to each
other using a path planning method and to perform the autonomous docking once they are
in close proximity to each other. The use of this vision-based approach is due to the error
uncertainty with other positioning sensors (e.g. rtk-GPS, POZYX). Errors in GPS
positioning results in higher misalignments in docking, and as a result, the robots fail to
couple effectively. Although several visual based tracking techniques exist in the literature,
they differ to find a common ground between the speed and accuracy when running on a
mobile computer such as Raspberry Pi, Odroid, etc. As previously mentioned, the detection
models based on Neural Networks require high computational power in order to process
each frame effectively without the loss of the target in the image plane. The basic detection
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Figure 5.1: (A) Failure in identification of the target using color
segmentation over the whole image (for green and blue) (B) Using HTT,
segmenting only the Region of Interest, as shown by red bounding box.

approach referred to as Template Matching is useful in such cases; however, this technique
suffers from target scalability and changing lighting conditions.
The common approach for using color segmentation technique to extract the pixel
coordinates of the target has its own limitations. Since the detection, in this case, is only
dependent on Color Detection [19] using RGB, it is difficult to implement if the same
colored objects (i.e., a different object with the same color) are present within that frame
of reference [18], [40]. Such an approach results in multiple segmentations in the image
plane making it difficult for the robot to separate the target from the object placed in the
scene. As a result, the approach of detection of the target followed by consistent tracking
is proposed in this chapter. This technique is combined with the optical flow technique to
perform simultaneous tracking of the bounding box in the consecutive frames, such that
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Figure 5.2: Target features placed at a certain distance from the
robot are projected over the image plane. Here t1, t2, t3 represents
the colored target attached to the side frame of the target robot.

the color segmentation is only performed within the bounding box, thereby eliminating the
need to segment the whole image. The basic setup is shown in Fig. 5.2.

5.2 Proposed Learning-based Tracking Model
The overall HTT algorithm [18], [40] can be divided into two stages: (1) detection
using YOLO-tiny (You Only Look Once) [46], and (2) tracking using Color Segmentation
(CS) with Optical Flow (OF) running in parallel on the detected Region of Interest (RoI).
In order to resolve the intermittent failure in CS based detection due to target scalability as
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Figure 5.3: Hybrid Target Tracking (HTT) algorithm with a step-by-step image
formulation representing offset adjustment and depth dependent RoI formation. The
input takes the visual feedback from the camera resulting in a feature estimation on
each consecutive image using HTT algorithm.

mentioned previously, the HTT uses a training based detection model on the acquired
image to detect the RoI (shown in Fig. 5.3). Accurate detection is not always a necessity;
often a close approximation of the target is sufficient to initialize the HTT technique. Pure
CS tracking can fail under occlusion while pure OF based tracking can incur drift over a
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long time. However, a combination of both the tracking methods running together in
parallel eliminates the drawbacks of each method. This allows achieving robust tracking
of features at a significantly higher frame rate [40].
A visual marker red, green, and blue (𝐿𝐸𝐷1 , 𝐿𝐸𝐷2 , 𝐿𝐸𝐷3 ) is used as a target, which also
acts as a training input for the detection model. The goal is to leverage the centroid
information of each feature of the colored target relative to the original image frame, I(m,n).
The two aspects of the HTT algorithm are discussed in detail in the following subsections.

5.2.1 Phase 1 - Detection of the Target
The detection model is computationally intensive and therefore used only for initializing
the whole process. The trained model [18] has a detection threshold value set at 0.5 to avoid
false positives. The detected RoI (with the center, width, and height as Pc, w and h
respectively) is selected based on the parameters of the YOLO algorithm such that, RoI⊂
I. The selected RoI is then thresholded (Erosion (𝜀𝐵 ) followed by Dilation (𝛿𝐵 )) to find the
center of the target using Eq. 5.1 in order to handle any offsets during initial detection.

ℰ𝐵 (𝐓) = 𝐓 ⊝ 𝐁 ≜ {𝑥: 𝐁𝑥 ⊂ 𝐓}
𝛿𝐵 (𝐓) = 𝐓 ⊕ 𝐁 ≜ {𝑥: 𝐁𝑥 ⋂𝐓 ≠ ∅}

(5.1)

where B is a structuring element and T is the threshold image of the RoI formed after
conversion to HSV color space. If 𝑂𝑓 (= (𝑢𝑜𝑓 , 𝑣𝑜𝑓 ) ∈ 𝐼) defines the pixel offset from the
center as per Eq. 5.1, then the new center of RoI, 𝑃𝑛𝑒𝑤 , can be written as,
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𝑃𝑛𝑒𝑤 = 𝑃𝑐 + (𝑢𝑜𝑓 , 𝑣𝑜𝑓 )
𝑤𝑛 ℎ𝑛 𝑑2𝑝
=
=
=𝑘
𝑤𝑡 ℎ𝑡 𝑑2

(5.2)

where 𝑤𝑛 , ℎ𝑛 , 𝑤𝑡 , ℎ𝑡 , 𝑑2𝑝 , 𝑑2 are the new width and height of the bounding box, target width
and height, blob diameter and the center LED actual diameter, respectively, and k is a
proportional constant. The dimensions of the blob are used as a reference to create the
initial bounding box with an applied offset.
The new RoI (𝑅𝑜𝐼𝑛𝑒𝑤 ⊂ 𝐼) formed after applying the offset is then selected for phase 2
of the algorithm. Moreover, the center 𝑃𝑛𝑒𝑤 is passed onto the tracking algorithms in phase
2 so as to estimate the motion of the 𝑅𝑜𝐼𝑛𝑒𝑤 in the consecutive frames. Once the center of
the extracted 𝑅𝑜𝐼𝑛𝑒𝑤 has been located, the following equation can be used to obtain the
updated velocity feedback for OF tracking used in phase 2.

𝐼(𝑢2 , 𝑣2 , 𝑡) = 𝐼(𝑢2 + ∆𝑢2 , 𝑣2 + ∆𝑣2 , 𝑡 + ∆𝑡)
𝐈𝑢2 𝐮2 + 𝐈𝑣2 𝐯2+ 𝐈𝑡 = 0

(5.3)

where 𝑢2 , 𝑣2 are the coordinates of 𝑃𝑛𝑒𝑤  at time t, 𝐈𝑥2 , 𝐈𝑦2 are partial gradients of the
image with respect to 𝑢2 , 𝑣2 , and 𝐮2 , 𝐯2 represents the flow velocity of the point.

5.2.2 Phase 2 - Tracking of the Target
The second phase involves the use of the CS technique based on the HSV (Hue,
Saturation, and Value) color segmentation of 𝑅𝑜𝐼𝑛𝑒𝑤 . Under color tracking, 𝑅𝑜𝐼𝑛𝑒𝑤 is
thresholded for three different colors red (𝑡1 ), green (𝑡2 ) and blue (𝑡3 ) present in the visual
marker. Any random noise and lines are removed from the three binary images obtained
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Figure 5.4: Phase 2 of the Hybrid Target Tracking (HTT) technique. Here
the bounding box (detected Region of Interest) parameters are used as an
inputs for the flow estimate and the color segmentation. The resulting pixel
coordinates are mapped back to the original image.

after thresholding using morphological operations (using Eq. 5.1), preserving the spatial
𝑘
resolution of the images, 𝑇𝑛𝑒𝑤
, ∀ k=1,2,3 where, T ⊂I. The successfully detected markers

from (4), are then used to highlight the targets in the frame of reference (𝑡1𝑝 , 𝑡2𝑝 , 𝑡3𝑝 ).

𝑘
𝑁
𝑖 𝑗 𝑘
𝑀𝑖𝑗
=∑𝑀
𝑚=1 ∑𝑛=1 𝑚 𝑛 𝑇𝑛𝑒𝑤 (𝑚, 𝑛), ∀𝑘 = 1,2,3
𝑢 = 𝑀10 ⁄𝑀00 , 𝑣 = 𝑀01 ⁄𝑀00

(5.4)

where each of the projected points(𝑡1𝑝 , 𝑡2𝑝 , 𝑡3𝑝 ) corresponds to a pixel coordinate on the Image
plane, I, as 𝑃1𝑟𝑜𝑖 (𝑢1𝑟 , 𝑣1𝑟 ), 𝑃2𝑟𝑜𝑖 (𝑢2𝑟 , 𝑣2𝑟 ), 𝑃3𝑟𝑜𝑖 (𝑢3𝑟 , 𝑣3𝑟 ). The final bounding box (Fig. 5.4) for the
tracking is created by comparing the width of the blob at the center and the distance
between the extreme end blobs (𝑑 = |𝑡1𝑝 − 𝑡3𝑝 |). The change in the shape of the bounding box
with the change in distance is managed by multiplying a proportional constant k (calculated
from the initial depth estimate) with the width and the height of the box. The final set of
the tracking points can be written as follows,
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𝑤 ℎ
𝑃𝑖𝐼 = 𝑃𝑐𝑛 − ( , ) + 𝑃𝑖𝑟𝑜𝑖 , ∀𝑖 = 1,2,3
2 2

(5.5)

where w, h, 𝑃𝑖𝑟𝑜𝐼 , 𝑃𝑖𝐼 represent the instantaneous width and height of the RoI, the coordinate
relative to the RoI and image plane, respectively.

5.3 Analysis of the Results
The tracking consistency of the proposed algorithm was validated by placing a colored
marker rotating in a circular manner while placed at varying distances (0.3m to 1.2m) from
the camera (Fig. 5.5). The camera was mounted on a vertical platform such that the optical
center coincides with the center of rotation of the marker. The detected pixel values (3000
data-points/depth-mark) of the marker during motion were recorded and plotted along with
the distance values as shown in Fig. 5.5.
The mean error plot for the tracked point and the estimated depth from the camera
based on the calibration parameters are shown in Fig. 5.6. The error in the tracking of OF
center and CS center is compared to show the deviation between the flow estimate of the
bounding box and tracking of the colored marker. The high variation in error is primarily
due to the limited resolution (320x320) of the camera, which leads to low pixel area at
larger distances. This error can be further minimized by increasing the resolution of the
image to have a greater white pixelated area of the visual marker. The use of OF with CS
provides the following advantages:
1) Tracking: In cases where the color tracking fails, OF consistently tracks the RoI
window to avoid failure. This is not applicable if RoI is formed using only the color
tracking approach (Fig. 5.6).
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Figure 5.5: Trajectory curves of the output data (blue) and
the expected trajectory (red) formed on the Image Plane.
The u-axis and v-axis varies from 120-200 pixels and
depth (z) from 65-75 cm.
2) Performance: The loss in RoI due to failure in color tracking (Fig. 5.6) causes
repeated search of the colored target in the overall image plane if the OF is not used
for RoI. This reduces performance and increases failures.
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(A)

z = 120 cm
Target miss

0 pixel value

(B)
Figure 5.6: Performance results of the HTT algorithm: Mean error
plot for the tracking data and Importance of OF (Optical Flow) for
consistent tracking where a CS (Color Segmentation) technique fails
to detect any particular target.

5.4 Conclusion
The HTT algorithm was discussed in this chapter. An improvement in target detection was
also observed over the conventional detection techniques by replacing the Template
Matching technique with YOLO. As mentioned earlier, it is important to note that the
detection process using YOLO takes approximately 25 secs, which is due to computational
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hardware limitations. An improvement over the current version of the algorithm will be to
use sensor-data (positioning) from the target robot as an initial estimate of the location of
the target in the image plane. Such an approach will help to reduce the size of the image
input to the detection model resulting in lesser computation with faster detections [49].
This approach has been presented in the later chapter as a part of ongoing research.
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CHAPTER 6
EXPERIMENTAL SETUP AND RESULTS

Autonomous docking of the mobile robots is demonstrated using the Image-Based
Visual Servoing control as shown in the previous chapter with the help of simulation. This
autonomous control utilizes the bi-directional mobility, coupling mechanism of the robot,
and the Hybrid-Target Tracking algorithm. As mentioned in Chapter 5, the use of HTT
algorithm allows for an external noise free tracing of the colored target. In this chapter,
initial testing as a proof-of-concept for all the contributions presented in this work is used.
The algorithm is run on the onboard computer of the robot and the camera based visual
feedback. However, as a part of future work, a selectivity based approach will be used, in
case multiple robots are present in the image plane. Such an approach will use the sensor
data from multiple targets to eliminate the false positive detections and minimize the search
area using an estimate as per the values of the GPS based positioning sensor. The use of
HTT algorithm is combined with the mobility mechanism of the Hybrid-Wheeled
locomotion robot to minimize the misalignment errors to obtain effective coupling of the
robots. The implementation of the autonomous orientation and positioning of the source
robot relative to the target robot is shown in the following sections. As mentioned before,
the IBVS testing with the physical model is performed on a structured terrain as a proofof-concept of the proposed mechanism and tracking technique. However, as a part of future
research, the autonomous docking will also be performed on unstructured terrains to
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measure the effectiveness of the docking mechanism in tolerating misalignments along all
the 6-axis of motion, namely X-Y-Z and Roll-Pitch-Yaw axes.

6.1 Experimental Setup
In presenting the output of an imaging sensor to a human observer, it is essential to consider
how the image is transformed into information by the viewer.
As mentioned before, a colored RGB visual marker is attached to the side frame of the
target robot. The camera attached to the side frame of the locomotion robot is used to track
the targets to proceed with autonomous locomotion. The locomotion robot is placed at a
distance of 250mm along the X-axis and 600mm along the Z-axis from the target and
executes motion in the following order: X-Yi -Zi -Y-Z. Here the i subscript represents the
initial motion to position the robot at a certain distance from the target before minimizing
the error along Y and Z axes. Since error along the Y-axis cannot be minimized directly
with the source robot placed 60cm from the source robot, an initial estimate for Y-axis (30
cm on 𝑥𝑠𝑣 ) is defined to enable the wheeled assembly by actuating the VTU. This actuation
is defined by Yi . The Y-axis error is minimized only when the robot is at an estimated depth
of 30cm using wheeled actuation under Zi . This value (30cm) was calculated based on the
calibration runs to place the target features at the desired location in the image plane using
the locomotion robot. The accepted error range for motion along each axis is defined under
the IBVS section.
The IBVS Yaw-axis motion of the robot is recorded separately to validate the
orientation alignment in case of errors followed with the implementation of the Pre-IBVS
orientation. The robot is placed parallel to the target robot with an angle of 40° . The IBVS
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Figure 6.1: Experimental set-up for the IBVS demonstration followed by YawX-Y-Z-axis alignment and the clamping of the docking mechanism with the
target robot initially placed at a distance 60cm from the source robot.

control is initialized after orientation error based on the sensor data received from the target
robot has been minimized. The 3D trajectory of the locomotion is tracked using an external
sensor, Light Optical Sensor Array (LOSA) [45], shown in Fig. 6.1. As a proof-of-concept
for the robot mechanism and the HTT algorithm, the experimentation is performed on the
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structured environment, with a proposal for testing on an unstructured environment as a
part of future work.

6.2 Pre-IBVS Orientation and Positioning Alignment of Robotic Modules
The sensor data from the target module (𝛼𝑡 , 𝛽𝑡 , 𝛾𝑡 , 𝑥𝑡𝑐 , 𝜃𝑡 ) is combined and is sent to the
moving module over the TCP/IP network. It is assumed that at the beginning of
autonomous docking, the height difference (∆ℎ) between two robots is no more than 𝑥𝑠𝑣 −
[(𝑥𝑠𝑐 ⁄2) + (𝑥𝑡𝑐 ⁄2)] . Moreover, the clamp translation has to follow the geometric
constraint, such that 𝐷𝑚𝑖𝑛 ⁄2 < 𝑥𝑠𝑐 , 𝑥𝑡𝑐 < 𝐷𝑚𝑎𝑥 ⁄2 with an offset of 5mm due to the shape
of the clamp. The accepted error range of ±5° for γs , ±1PPR for θs , and ±5mm for hs is
used due to the low-speed actuation of the VTU. The mechanism alignment about the yaw
axis is followed by error minimization for the coupling servo angle and clamp
potentiometer. Apart from these common differences, there could be a relative height
difference between the two robots due to the terrain which can be minimized by the
actuation of the VTU. The final error (∆𝑒) minimization can be summarized as follows,

∆𝑒 = min{(𝛼𝑠 , 𝛽𝑠 , 𝛾𝑠 , ℎ𝑠𝑐 , 𝜃𝑠 ), (𝛼𝑡 , 𝛽𝑡 , 𝛾𝑡 , ℎ𝑡𝑐 , 𝜃𝑡 )}

(6.1)

It should be noted that in lieu of the STORM modules being symmetric about all three
axes (X, Y, Z), the proposed autonomous docking can work even if either of the robots is
flipped over. This could be detected based on the IMU readings and accounting for it by
reversing the actuation along that axis.
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6.3 Alignment using IBVS of Robotic Modules
Based on a review of the existing widely used visual servo control techniques [34-36], the
classical IBVS technique was used in this work using tracking results of the HTT algorithm
(Fig. 6.2). The robot in its tracked and wheeled mode behaves like a non-holonomic skid
steer robot vx , vy , vz , ωy with the ability to adjust its height (0<y<60mm). An image is
acquired in order to search the pixel coordinates of the visual marker in the image plane
using YOLO-tiny. The location of the target is returned based on the pixel coordinates of
the location, width, and height of the bounding box. The returned pixel coordinates are
used for simultaneous tracking using the optical flow. The use of this approach allows for
consistent shape of the bounding box and eliminating the need to process the whole image.
A sub-window size is defined so as to estimate the flow of the bounding box based on the

Figure 6.2: Experimental set-up for the IBVS demonstration followed by Yaw-X-Y-Zaxis alignment and the clamping of the docking mechanism with the target robot initially
placed at a distance 60cm from the source robot.
57

motion of the neighboring coordinates. The simultaneous use of the color segmentation
approach allows for the tracking of three colored features, which allows the robot to
estimate the orientation and the position of the target robot. The aim is to move the feature
p

p

p

projection t1 − t 2 − t 3 of the target t1 − t 2 − t 3 to the desired location t1d − t d2 − t d3 in the
image plane. The camera attached to the side frame of the robot projects the target features
p

p

p

onto the Image Plane I. Here t1 , t 2 , t 3 , t1d , t d2 and t d3 corresponds to the world and pixel

Figure 6.3: Feature error plots for the motion of the source robot along (A) X, (B) Y, (C)
Z and (D) Yaw direction relative to the target robot
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p

p

p

p

p

p

coordinates(u1 , v1 ), (u2 , v2 ), (u3 , v3 ), (u1d , v1d ), (ud2 , v2d ), and (ud3 , v3d ), respectively. The
aim is to minimize the error, ∆ef , such that,

∆𝑒𝑓 = min{(𝑡1𝑝 , 𝑡1𝑑 ), (𝑡2𝑝 , 𝑡2𝑑 ), (𝑡3𝑝 , 𝑡3𝑑 )}

(6.2)

Figure 6.4: Motion of the target features in the image plane as viewed from camera on the
source robot. The source robot is autonomously controlled to move from X-Y-Z and Yaw
axes. The variations in the trajectories is due to the mechanical vibrations as the robot
moves on the ground.
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The convergence of the error curves is shown in Fig. 6.3 for X-Y-Z-Yaw axes. The
robot is guided such that the initial pixel coordinates of the marker are aligned with the
center of the image plane. The velocity of the robot [𝑣𝑐 , 𝜔𝑐 ]𝑇 , defined as

Figure 6.5: Error estimation plot based on the motion along the Z axis, and Yaw axes.
Translational and Angular velocity curves for the overall docking procedure X-Y-Z
axes. Real world motion trajectory tracking of the robot using LOSA, where a LOSA
marker is attached to the top of the Hybrid-Wheeled locomotion robot.
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[𝑣𝑥 , 𝑣𝑦 , 𝑣𝑧 , 𝜔𝑥 , 𝜔𝑦 , 𝜔𝑧 ]𝑇 corresponds to the feature error ∆𝑒𝑓 where 𝜔𝑥 and 𝜔𝑧 is 0. The
actuation for each locomotion mode of the robot is done step-by-step in the following order,
X-Yi -Zi -Y-Z. The estimated depth value using the calibrated focal length is shown as Zest
error in Fig. 6.5. As mentioned earlier, LOSA marker is used to track the real-world
trajectory of the source robot relative to the target robot (as shown by red, green, and blue
colors).

6.4 Discussion
The motion along each axis is actuated step-by-step in the following order: X-Y-Z and
Yaw. The experimental results representing the motion of the features in the image plane
is shown in Fig. 6.4. The top row highlights the feature error for motion along each of the
above-mentioned axes. The trajectory of the features in the image plane is presented in the
next row. It can be inferred from the graphs that the error along each axis is minimized
under 2.5 secs for a given setup, with an acceptable error range of ±𝟓pixels. The motion
along the Z-axis is shown in Fig. 6.5 as estimated by the robot. Fig. 6.6 compares the
trajectory error between the CS and OF tracking of the feature at the center.
Furthermore, the whole docking procedure is performed well under 7 secs; much faster
than tracking only the actuated robots. The proof of concept setup used to validate the
proposed autonomous docking procedure makes use of a low-cost electronic architecture
to perform an onboard detection and tracking. This brings about hardware limitation on the
robot. The use of an external power source also limits the motion of the robot. However,
the performance results discussed in this Section are satisfactory since the mean error
minimizes when reducing the depth value.
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Figure 6.6: Tracking trajectory comparison of the OF and the CS center for a motion
along the X, Y, Z and Yaw axis with an initial depth position of 60 cm. The error difference
between the two methods can be related to the Mean Error plot presented in the earlier
chapter, showing the pixel error and the estimated distance value at variable depth.
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CHAPTER 7
CONCLUSION AND FUTURE WORK

This chapter concludes the thesis with a summary of the current work as well as the
potential work in the near future.

7.1 Summary
An approach related to the autonomous docking of self-reconfigurable mobile robots was
presented in this thesis. This mainly included the introduction of the hybrid-mobility
mechanism capable of providing bi-directional mobility and a hybrid-target tracking
approach to track the target features as viewed from the camera feedback of the source
robot. Furthermore, an IBVS control was implemented using the proposed techniques to
perform the autonomous docking of the robotic modules. It was also seen that the hybrid
use of detection and tracking algorithms can increase the overall stability by combining the
potential of different algorithms to overcome their individual limitations. The consistency
in the target tracking is validated using two locomotion modules with relevant
experimentations, using an onboard camera and computer. A proof-of-concept prototype
of the hybrid-wheeled mobile robot was presented to analyze the key characteristics of the
hybrid mobility mechanisms compared to conventional robots. The design integration of
the modular robotic modules with an active 2-DOF genderless docking mechanism was
also presented. The presented experiments consolidate the versatility of the mobile
mechanism and tracking algorithm for docking in mobile robots.
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7.2 Future Research
This section presents ongoing work as a part of future research. Thus far the presented HTT
algorithm used the whole image as an input for the detection model, resulting in high
prediction time and multiple detections for each occurrence of the target in the image plane.
As an improvement, the data from the positioning sensor of the target robot was used to
minimize the image input to the detection model. Such an approach also helps to eliminate
the false positive detection in the image plane to perform the autonomous docking with
certainty [49]. This approach is presented in the following section.

7.2.1 Sensor-based Target Tracking
The recent shift in the use of the Neural Networks to classify the different objects into
classes is a significant improvement over the conventional sliding window techniques such
as Template Matching. The use of such networks allows achieving higher accuracy and
precision with the detection even under changing scalability and lighting conditions.
The recent development in this research is the inclusion of YOLO [46] object classifier,
capable of detecting 80 classes with a mean average precision (mAP) of 57.9%. These
networks highly depend on the amount of training being used to generate the model. In
order to achieve high accuracy with the detections, such a network is equipped with a large
number of convolutional layers, which increases the complexity, and computation of the
network. The implementation of YOLO is not feasible on small portable micro-computers
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Figure 7.1: Detection process before initializing the target tracking. The process is initiated
using the data from the positioning sensor attached to the target robot resulting in
minimizing the CNN input compared to using the original image as an input.

like Raspberry Pi due to their limited computation. However, a small version of YOLO
called YOLO-tiny presents much better compatibility on these devices. Such a network
takes approximately 24-25 secs in to process an image, which can be further reduced to 23 secs using NNPACK. Such an approach becomes redundant when we already have some
estimation of the target position in the image plane. In order to highlight these issues, the
following two contributions are presented:

1. Integration of the sensor data with the detection methodology to minimize the layer
density of the CNN, which in turn speeds up the detection.
2. Using sensor data to present the selective detection for the autonomous docking in
mobile robots as an application for the proposed methodology. Such a method will help
to eliminate the extra True-Positive (TP) and unnecessary False-Positive (FP)
detections. Thus, it helps to achieve a higher True Positive Rate (𝑇𝑃𝑅 = 𝑇𝑃⁄(𝑇𝑃 + 𝐹𝑁))
and Positive Predictive Value (precision or PPV= 𝑇𝑃⁄(𝑇𝑃 + 𝐹𝑃)).

The methodology proposed in this work aims at using sensor data to reduce the
computational load of the CNN. A brief layout of the process flow-chart is shown in Fig.
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7.1. The common available CNN models classify each object in terms of a class, such that
a given frame could have n possible detections of the same class. Such methodology is
limited for a search over the whole frame since there is no sensorial information available
with the detected objects, e.g. person, car, etc. The proposed approach is validated by using
a target attached to the side frame of the robot and using another robot as the initializer for
the detection. The camera is attached to a Hybrid-Wheeled mobile robot (source), whereas
the colored target is attached to the side frame of the manipulator robot (target). The
proposed version of the algorithm takes into account the uneven behavior of the terrain
with an added external tilt value along Roll and Pitch axes. The final performance of the
methodology is estimated with the time it takes to process and
The proposed methodology is an extension of the previous work mentioned in [18], [40].
The previous version of the target tracking technique suffered from the challenges in
scalability and the changing illumination in the background. Moreover, it was further
assumed that the target is always within the image plane as viewed by the camera.
Furthermore, only one target was placed in the image frame as a proof of concept for the
algorithm, in order to avoid any false positive detections. Since the phase 1 of the algorithm
provides the initial estimate of the detected target, it is important for the algorithm to
provide a fast and reliable scalability invariant detection, in the presence of occlusion and
light variability. Therefore, the use of a supervised learning CNN model to counter the
failures with the detection phase 1 of the previous algorithm is proposed. There are several
states of the art supervised learning models available in the literature, however, they have
network layers to detect all the possible trained object appearances at high accuracy. In
order to do that an image is used as an input to the CNN, where convolutional, pooling,
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activation, and other functions are applied to the image. In cases where only one object is
present in an image, applying the above-mentioned operations on the whole image will be
computationally expensive and highly complex. The inclusion of the sensor data to
determine the relative pose and approximate position of the target in the image plane helps
in eliminating the false positive by minimizing the input region to CNN. Furthermore, such
an approach helps in minimizing the layer density/complexity of the network.
The proposed approach takes advantage of the POZYX sensor data available with the
target robot(s) to differentiate the FP from TP detections. The positioning sensor can
provide a 2D and 3D positioning along with onboard IMU sensor based on the reference
recorded from the 4 anchors placed within the operating range. As shown in Fig. 7.2 if
three targets are detected using a conventional CNN based approach, then the approach

Figure 7.2: Presumed occurrences of the targets on the Image plane showing the True
Positive (TP), False Positive (FP) and desired detections (red area). The region estimate is
calculated using the sensor data of POZYX attached to the target robot.
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used in these applications eliminates the 𝐹𝑃1 detection leaving the robot with only two TP
detections (𝑇𝑃1 and 𝑇𝑃2 ). The detected two TP targets are further differentiate using the
sensor data on each target. Since each detected TP target will be identified by its individual
sensor data so, the docking becomes much easier in terms of target selectivity. This
selectivity is shown in Fig. 7.2, marked by a red region, selecting 𝑇𝑃2 out of 𝑇𝑃1 and 𝑇𝑃2 .
The selected region is used as an input to find the position of the target (𝑢𝑡𝑎𝑟𝑔𝑒𝑡 , 𝑣𝑡𝑎𝑟𝑔𝑒𝑡 )
relative to the image plane (𝑢𝑟𝑜𝑖 , 𝑣𝑟𝑜𝑖 , 𝑤𝑟𝑜𝑖 , ℎ𝑟𝑜𝑖 ) based on the trained network model.

𝑤2
𝑤𝑟𝑜𝑖
+ 𝑢𝑟𝑜𝑖 +
)
2
2
ℎ2
ℎ𝑟𝑜𝑖
= (𝑣2 − + 𝑣𝑟𝑜𝑖 +
)
2
2

𝑢𝑡𝑎𝑟𝑔𝑒𝑡 = (𝑢2 −
𝑣𝑡𝑎𝑟𝑔𝑒𝑡

(7.1)

Since each occurrence of the target can vary in terms of scale and orientation, so it is
required to accommodate such variations using an additional approximation from the
positioning sensors. In order to achieve this flexibility, the detected bounding box
parameters (𝑢𝑝 , 𝑣𝑝 , 𝑤, ℎ ) are then used as the input for phase 2 of the algorithm defined by
parallel tracking with the optical flow (𝑢𝑝 + ∆𝑢𝑝 , 𝑣𝑝 + ∆𝑣𝑝 , 𝑡 + ∆𝑡 ) and box segmentation for
the LED ( 𝐿𝐸𝐷1 , 𝐿𝐸𝐷2 , 𝐿𝐸𝐷3 ) color tracking. The t value defines the update in the pixel
coordinates of the tracked point over time. This flow estimated of the tracked coordinate is
summarized as follows,

𝐼(𝑢𝑝 , 𝑣𝑝 , 𝑡) = 𝐼(𝑢𝑝 + ∆𝑢𝑝 , 𝑣𝑝 + ∆𝑣𝑝 , 𝑡 + ∆𝑡)

(7.2)

These target LEDs are represented by a red-blue-green color (𝑡1 − 𝑡2 − 𝑡3) in Fig. 7.3. The
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projection of these colored targets on the image plane is given by 𝑡1𝑝 − 𝑡2𝑝 − 𝑡3𝑝 and in terms
of pixel coordinates as ( 𝑢1 , 𝑣1 ), ( 𝑢2 , 𝑣2 ), and ( 𝑢3 , 𝑣3 ). The use of optical flow technique
parallel to the color tracking serves the following advantages,

1. It delivers the consistent tracking of the target robot, even though the color tracking
may fail at a certain time-step providing consistency with the performance at the
same time.
2. The use of limited RoI helps to improve the performance speed and reduce the
search (or processing) area for color tracking compared to whole image search.
3. The optical flow estimate of the RoI also accommodates the scalability of the target,
in cases where the source robot approaches (or moves away from) the target robot.

Figure 7.3: Sensor-based target tracking using Neural networks, (A) STORM locomotion
robot equipped with POZYX sensor, (B) Motion of the target features using Visual
Servoing.
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A basic convolutional neural network consists of an input layer, output layer, and
multiple hidden layers (convolution and fully connected layers). The proposed model uses
the raw image data based on the extracted RoI and generates the output in terms of the
location of the desired target in that image. Thus, the output is defined in terms of following
parameters; width (w) and height (h) of the bounding box, pixel coordinates of the location
and the confidence value of the prediction. The aim is to minimize the number of filters by
reducing the feature map size.

7.2.2 Multi-robot Assembly
In addition to the selectivity of the target tracking, a future approach will also
incorporate the use of multiple STORM robots to form a multi-robot assembly (Fig. 7.4).
Since the docking mechanism is available on either side of the robot, the resulting
configuration will be a 3D assembly compared to a 2D or a long-chain assembly.
Typically, two hybrid-wheeled mobile robots will be docked on either side of a manipulator
robot using the approach proposed in this work. An example of such configuration will be
a humanoid assembly (for a high reachable grasps) or a locomotion assembly, which can
be used to move the formation in both longitudinal and lateral directions. These
configurations are shown in Fig. 7.5. The docking mechanisms of the robots will be utilized
to perform full robot rotations along with the actuation of the prismatic joint of the wheeled
assembly as per the mobility requirement.
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7.3 Conclusion
This work presented a new approach in object tracking for autonomous docking, which
combines the sensor data with a CNN technique to improve the detection accuracy of the
targets and to provide flexibility for selective target tracking. The approach utilizes sensor
data to restrict the search area in the input image, thereby reducing the complexity and the
difficulty of training the network. The availability of sensor data for the target serves as a
preliminary estimate in this technique. The proposed methodology is implemented on a
self-reconfigurable mobile robot for autonomous docking using IBVS in an indoor
environment. However, the proposed technique will be further used to test the autonomous
docking of the robots in an outdoor environment using other sensors, which can provide
better accuracy such as rtk-GPS.
Future work involves outdoor testing of several robotic modules on uneven terrain to
validate the proposed approach and their self-reconfigurability. The development of more
robotic modules will also help to generate a multi-robot coordination network, which will

Figure 7.4: Proposed methodology: Multi-robot coupling using locomotion and the
manipulation robot (Top view). Both the locomotion robots are autonomously docked on
either side of the manipulator robot using the integrated GHEFT mechanism.
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Figure 7.5: Proposed methodology and configuration using the multi-robot assembly:
(A) Humanoid configuration for heavy payloads, (B) lateral locomotion using wheeled
assembly.

help to illustrate the docking selectivity of the method. Furthermore, other networks can be
analyzed to draw a performance comparison between the proposed approach and the
existing methods. The effect of dimensionality reduction of the features in an image will
also be analyzed.
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NOMENCLATURE
L

Length of the robot

W
r

Width of the robot
Track wheel radius of the robot

H

Height of the robot

Dmax

Maximum diameter of the spiral used in the docking
mechanism

Dmin

Minimum diameter of the spiral

dthread

Thread diameter of the screw used in the lead screw

dbore

Thread diameter of the nut used in the lead screw

𝜽𝒔

Angular position of the coupling case of the source
robot

𝜽𝒕

Angular position of the coupling case of the target
robot

𝒙𝒗𝒔

𝛼𝑠

Vertical displacement of the VTU assembly
Roll angle of source robot

𝛼𝑡

Roll angle of target robot

𝛽𝑠

Pitch angle of source robot

𝛽𝑡

Pitch angle of target robot

𝛾𝑠

Yaw angle of source robot

𝛾𝑡
𝑥𝑠𝑐

Yaw angle of target robot
Clamp translation of the coupling mechanism of
source robot

𝑥𝑡𝑐

Clamp translation of the coupling mechanism of
target robot

ℎ𝑠𝑐

Translation value of coupling mechanism of the
source robot

ℎ𝑡𝑐

Translation value of coupling mechanism of the
target robot

𝐶𝑠 𝐶𝑠′

Coupling clamps of the source robot

𝐶𝑡 𝐶𝑡′

Coupling clamps of the target robot

𝑃1 − 𝑃2 − 𝑃3

Real world points of the marker features

𝑡1𝑝 − 𝑡2𝑝 − 𝑡3𝑝

Pixel points of the marker feature on the image plane
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𝑡1𝑑 − 𝑡2𝑑 − 𝑡3𝑑

Desired pixel points of the marker on the image plane

∆𝑒𝑓

Feature error between the current pixel coordinates
and the desired pixel coordinates

𝑓

Focal length of the camera

𝛼
(cu, cv)

Ratio of the pixel dimensions

(v, ω)

Spatial velocity of the camera

Coordinates of the principal point

𝜆

Gain value of the control

L

Image interaction matrix

𝜀𝐵

Output image after applying erosion filter

𝛿𝐵

Output image after applying dilation filter

𝐓

Threshold image

𝐁

Structuring element

𝑂𝑓

Offset adjustment for Region of Interest

𝑃𝑐

Initial RoI center before offset

𝑃𝑛𝑒𝑤

Final RoI center after offset adjustment

𝑤𝑛

Detected width of the RoI

𝑤𝑡

Actual width of the RoI

ℎ𝑛

Detected height of the RoI

ℎ𝑡

Actual height of the RoI

𝑑2𝑝

Diameter of the marker feature

𝑑2
k

Actual diameter of the marker

(𝐈𝑥2 , 𝐈𝑦2 )

Proportional constant for RoI dimension update
Partial gradients of the image feature

M

Image moment

Yi

Initial Y-axis estimate of IBVS locomotion

Zi

Initial Z-axis estimate of IBVS locomotion

Zest

Estimated Z value for autonomous locomotion
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ABBREVIATIONS
CNN

Convolutional Neural Network

CS

Color Segmentation

DOF

Degrees Of Freedom

DOK

Docking Mechanism

EI

Entire Image

FP

False Positive

fps

Frames Per Second

GHEFT

Genderless, High strength, Efficient, Fail-safe, and
high misalignment Tolerant

GPS

Global Positioning System

HSV

Hue, Saturation, and Value

HTT

Hybrid Target Tracking

IBVS

Image Based Visual Servoing

IR

Infra-Red sensing

LOSA

Linear Optical Sensor Arrays

MCC

Mobile Configuration Change

ML

Motion Limited

OF

Optical Flow

PPV

Positive Predictive Value

PPR

Pulse Per Revolution

RGBD

Red, Blue, Green, and Depth

SLAM

Simultaneous Localization And Mapping

SSD

TCP/IP

Sum of Squared Difference
Self-reconfigurable and Transformable
Omnidirectional Robotic Module
Transmission Control Protocol

TM
TP
TPR
UAV

Template Matching
True Positive
True Positive Rate
Unmanned Aerial Vehicle

STORM
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V-REP

Virtual Robotic Experimental Platform

VTU

Vertical Translational Unit

WBL

Whole Body Locomotion

YOLO

You Only Look Once
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