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ABSTRACT Routine cleaning the pavement is an essential requirement to maintain a sustainable envi-
ronment for social life. The different width and type of pavements raise the challenges for autonomous
vehicles with fixed shape to operate effectively. In this paper, we introduce the vision based reconfiguration
of self-reconfigurable pavement sweeping robot called Panthera, which can adjust its frame width to ease
the cleaning tasks to become friendly with different pavement geometry. The expansion and compression
operations of the Panthera width are implemented by rotating one high torque motor connecting with the lead
screw rod to change the opening angle of linkage hinges. The Panthera cleaning and locomotion operations
are synchronized with changing the robot width according to the output of detected pavement width. To this
end, the segmented pavement leveraged on the masked based deep convolutional neural network (DCNN)
is used as input for the proposed closed-loop feedback control method, enabling the robot to adjust the
requirement of changing the width during locomotion accurately. The proposed PID scheme takes into
account the robot kinematic design with the flexibility of width changing modes. The experiments were
carried out in real environments demonstrated the autonomous reconfiguration robot width with various
locomotion scenarios on pavements of varying width.

INDEX TERMS Reconfigurable robots, mechanism design, feedback control, sensor fusion, pavement
sweeping robot.

I. INTRODUCTION
With the increase of transport initiatives, establishments of
new communities, pavement infrastructure will also increase.
The pavement is the building block for cycling networks that
connects cities and towns and is built in the urban environ-
ment, in the parks and underground. For example, the Land
Transport Authority (LTA) of Singapore had recently com-
pleted 200km worth of sheltered walkways. Due to out-
door conditions, pavements are prone to getting dirty with
leave fall from trees, dust accumulation, and litter from
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pedestrians. To ensure that these pavements are usable and
safe, regular cleaning has to be conducted. However, regular
cleaning of such networked pavements requires a tremen-
dous workforce, and various researches have been going into
automated cleaning equipment and robots to alleviate the
human resources required. The robot is vital for automation
of various tasks and has revolutionized many fields in the
21st century. One such type of robot that is becoming increas-
ingly important is cleaning robots, programmed to work
autonomously or semi-autonomously in both indoor [1]–[3]
and outdoor environments [4]–[6]. Such cleaning equipment
and robots can perform repeated and routine cleaning in a
pre-determined geographical setting. However, such robots
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TABLE 1. Existing pavement cleaning vehicles.

are fixed in dimensions and are unable to adapt their size
to clean pavements with different sizes. Examples of robots
with fixed dimensions can be found in Table 1. Most of
them are commercial pavement sweeping robots that are
able to reduce the need for manpower to clean pavements.
However, due to their fixed dimension, they suffer perfor-
mance limitations, which impede their cleaning potential.
This limitation gave rise to multiple pain points for cleaners
as the robots used are unable to clean when they are unable
to navigate pavements of varying widths or when a fixed
obstacle blocks the pavement, and there is not enough space
for it the robot to pass through. Currently, robot autonomy
in unstructured and non-predefined geographical settings is
intensively researched to push forward the next state of the
art robot adaptation and autonomy algorithm for robots.

Self-reconfigurable robots are robots that are able to adapt
their morphology according to the requirements demanded
by the geographical setting. Reconfigurable robots can recon-
figure to overcome constraints that a fixed dimension robot
is unable to perform and have huge potential for various
industries. For example, in the cleaning industry, there are
even commercial products such as hTetro [7] to tackle use
cases where normally fixed dimension robots are unable to
perform. hTetro is a reconfigurable vacuum cleaning robot
that is able to clean more area [3] and perform better than
a non-reconfigurable autonomous vacuum cleaner. From
the autonomous reconfigurable robot perspective, evolvabil-
ity, multi-ability, and survivability are essential to recon-
figurability. There are three types of reconfigurability [8].
They are nested reconfigurability, intra reconfigurability, and
inter reconfigurability. There are many existing reconfig-
urable robots such as hTetro [7], hTetrakis [2], hTrihex [9],
mantis [10], sTetro [11] and Scorpio [12]. The quadruped
wheeled robot with variable wheel footprint kinematics of the
Tarantula robot is presented in [13]. The pavement sweeping
self-reconfigurable robot, named Panthera, was introduced
in [14] with its design and reconfiguration ability. Here,
the self-configuration of Panthera during operation is con-
trolled by manually sending the control commands based on
the observation while there was no reconfiguration during
locomotion.

In autonomous navigation of robotic applications,
implementation of a control system which adapts flexi-
bly to various working conditions such as the roughness,
the gradient of terrains is primarily needed. Different types
of controller techniques are used for autonomous vehicles.

Smoother control and driveability of robots can be done via a
PID controller. A Genetic algorithm (GA) [18] is used with a
PID parameter to control the speed of the motors, fuzzy logic
with PID controller [19], and auto-tuning the PID [20] are
done for the improvised dynamic behavior of the DC motors.
A reliable and robust PID controller is implemented to control
the position, speed of the steering unit, and lead screw
DC motor. Since the flexible and dynamic gaits available of
reconfigurable robot, the feedback control techniques with
the parameter input from the sensor such as object features
from vision is needed to archive the smooth locomotion.

Specifically, considering the pavement sweeping activities,
when maneuvering along public pavements, the fixed shape
of existing cleaning equipment and robots results in the high
probability of obstructing the pedestrians on pavements and
limiting the working environment. For instance, when a robot
encounters a small pavement or an obstruction in the pave-
ment, they are unable to clean the pavement, which inhibits
its performance. Therefore, a robot should be able to adapt
flexibly in such conditions to improve robot and surrounding
environments synergy. These are the motivations of design
a reconfigurable pavement sweeping robot. Reconfigurable
ability, however, raise other challenges during the operation
of the robot. Since the pavement width size varies, to archive
fully autonomous operation, reconfigurable robots need to
understand to address the questions such as when it should
reconfigure its size and how fast it should reconfigure its size.
However, there are limited works that describe using perspec-
tive sensors to understand dynamically changing pavement
widths and how to use the information to perform a controlled
reconfiguration during locomotion of a pavement sweeping
robot. To this end, a novel perspective algorithm needs to be
integrated with the reconfiguration during locomotion kine-
matics in order to derive the pavement width information in
front of the robot.

Multiple approaches have been proposed to find the pave-
ment width using advanced sensors and computer vision
algorithms. The sensor fusion approach is commonly used
is the RGB camera or RGB-D camera [21] for pavement
width measurement. Algorithms such as Canny edge detec-
tion [22] to detect the edges of the pavement and subsequently
converted the image coordinates of the edges to real-world
coordinates [23] are well developed and works well for
most cases. However, it is unable to detect the edges of the
pavement if obstacles block the pavement. The detection for
objects such as the pedestrian, group of pedestrians [24] on
the pavement needed to be addressed tomake the autonomous
function. Another issue is that different lighting conditions
will affect the canny edge detection. Although it can be
reduced by converting RGB camera to HSL or HSV for the
canny edge, stereo cameras are used as sensors to enhance the
robustness in varying light conditions.

Another approach is to use semantic segmentation [25],
which is a combination of object detection, classification,
and localization. Over the past ten years, there have been
increasing researches in deep learning convolutional network,
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FIGURE 1. Panthera: Reconfigurable pavement sweeping robot.

especially in the field of autonomous cars. Deep learning [26]
can employ neural networks that can identify unique features
of different objects automatically. Hence, the deep learning
approach significantly outweighs traditional detection algo-
rithms such as feature-based Histogram of Orientation, SIFT
techniques [27]. The difficulty in using deep learning is the
high computational power [28] required as large networks
generally need very high computational power. In recent
years, new technologies have pushed forward computational
power and led to the development of parallel computing [29],
which allows computation to be done in a shorter time. Some
examples are the development of Compute Unified Device
Architecture (CUDA) [30] and NVIDIA CUDADeep Neural
Network (CuDNN) [31], which allows computers to process
deep learning computations with Graphic Processing Units at
a much faster rate. Besides, with the advances in the Internet
of Things (IoT) and cloud computing [32] where the pro-
cessing of high computational power algorithms required by
robots can be executed online on readily available technolo-
gies such as Google Colab, Amazon Web Services (AWS) or
Microsoft Azure [33], segmented segmentation has become
much more reliable and feasible for autonomous robots.

In this paper, a detailed explanation of a pavement sweep-
ing robot named Panthera with self-reconfigurable its frame
size, as seen in Figure 1 will be given. Panthera has the ability
to perform sweeping while it reconfigures its width during
moving, and has multiple locomotion abilities such as a zero
angle turning radius and has the mechanisms to adapt to its
environment dynamically. Moreover, we propose the Pan-
thera’s perception to allow Panthera to perform its sweeping
while adapting to changing pavement widths in dynamically
changing geographical settings of outdoor pavements. Using
the proposed perception ability, Panthera will derive steering
unit speed, lead screw speed as inputs for its kinematics
and control to perform reconfiguration smoothly. With Pan-
thera’s perception, Panthera will be able to use the input
for kinematics and control to function safely and develop a

FIGURE 2. Pavement work space situations for the cleaning vehicle.

greater affinity to its dynamically changing pavement sur-
roundings as it adapts accordingly. Using RGB-D sensors and
new methods of semantic segmentation such as SegNet [34],
DeepLab [35], pixel coordinates of pavements, and in turn,
real-world coordinates and estimates of pavement widths at
different sections of the image can be determined. From
the different estimated pavement widths, the control scheme
for reconfiguration planning of the robot can be developed.
Reconfiguration planning output includes the rate of recon-
figuration in the width and speed of respective robot motors.
Robot Operating System (ROS) [36] master will make deci-
sions based on RGB-D sensors input and adaptively control
the robot locomotion and reconfiguration by controlling lead
screw motor speed, wheel motors speed and heading angles
of the steering units. This ensures that the robot is able to
adaptively change its width in dynamic environments where
pavement width changes and pedestrians density changes
with a high level of control and safety. Adaptively changing
its width during locomotionwhile performing sweeping oper-
ations enables Panthera to improve the sweeping process as it
enables the robot to perform sweeping even while navigating
through pavements of varying width which is not possible for
fixed dimension robots. When the pavement width is tight,
it reduces its width to navigate through small spaces, when
the pavement is large, it increases its width to maximize area
under the robot so that more can be swept under Panthera,
thus saving energy and optimizing the cleaning operation.

The rest of this paper is organized as follows. Section II
gives the detail on the robot design. The varying pavement
width reconfiguration is presented in Section III. Section IV
describes the kinematic robot locomotion during reconfigu-
ration while moving operations. The experimental result is
detailed in Section V. Finally Section VI concludes the paper.

II. ROBOT ARCHITECTURE
In this section, the robot architecture of Panthera [14] is
dealt with in detail for brevity. The terminologies and their
definition are shown in APPENDIX.

A. DESIGN PRINCIPLES
The work in [37] highlights the required features and archi-
tectural needs for autonomous mobile robots in real-world
scenarios. Figure 2 shows the different common real-world
scenarios that a cleaning robot will endeavor: a) Dynamic
changing pavement with varying width, b) Wide path
with converging/diverge such as changing pavement widths,
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FIGURE 3. Proof of design for Panthera with reconfigurable ability.

c) Wide path with construction, d) Narrow pavement with
constant pavement width, e) Narrow path to open area or
wider pavement with varying width. Panthera is a robot that
is designed to tackle such scenarios and has the following
capabilities:
• Panthera has four differential drive steering units for
locomotion and is capable of moving sideways.

• Panthera is designed to have a zero turning radius and
can make very sharp turns.

• Panthera has a visual perception capability to under-
stand dynamically changing pavements and pedestrian
density.

• Panthera is reconfigurable in the width and range from
70cm to 200cm.

• Panthera has a payload of up to 200kgs.
The proof of concept of the self-reconfiguration of the

platform for the narrow and wider pavement is depicted
in Figure 3. For brevity the design layout for the robot is
discussed in brief in the next section.

B. DESIGN LAYOUT
The design of the Panthera [14] can be classified into
5 different components: Electronic Design, Structural
mechanical design, Cover design and Locomotion mechan-
ical design.

1) ELECTRICAL DESIGN
The traction batteries are twelve 2V batteries in series, which
are used to power the eight-wheel DG-158A 24V motors,
two motors to rotate the scrubbing wheels, and a lead screw
motor. Proximity and auxiliary sensors are attached to the
body for reconfiguration and navigation. Batteries are con-
nected to the RoboClaw microcontroller, which is controlled
by an Arduino Mega 2560. Incremental encoder and absolute
encoder data are sent to the Arduino for feedback control, and
the Arduino will output the commands for RoboClaw to con-
trol thewheelmotors, lead screwmotor, and the brushmotors.
RGB-D sensors data will be processed by an industrial com-
puter that is running on ROS. The industrial computer will
send the commands to the Arduino which will, in turn, send
the command to the RoboClaw to perform locomotion and
reconfiguration.

2) STRUCTURAL DESIGN
Structural mechanical design is the body of the Panthera
shown in Figure 5. It consists of an Aluminium frame that

FIGURE 4. Electrical layout of Panthera.

FIGURE 5. Structural and Mechanical Layout.

supports the wheels, brushes, cover, battery, and a scissors
mechanism responsible for the reconfiguration [14]. In the
scissor’s mechanism, Panthera has a central beam that con-
nects to two side beams via linkages. The central beam is
a hollow rectangular cross-section of 8 mm thickness and
supports the lead screw (primary diameter = 32 mm, pitch
pleadscrew = 10 mm) with the half of its length machined as
with left-handed thread and another half with a right-handed
screw thread [14]. Four linkages are used to connect the
central beam to the respective side beams, and one of the four
linkages are connected to the lead screw. The linear motion of
the lead screw carriage is transmitted to the side beams via the
linkages, and as a result, the side frame will be able to expand
and contract. The one end of the screw thread is connected to
the driving motor via universal coupling and other end fixed
with flange bearing. The lead screw actuator is powered by
a 110 rpm. 24 Volt motor. When fully contracted, dimensions
of Panthera are 1.75 by 0.8 by 1.6 meters and, when fully
expanded, is 1.75 by 1.7 by 1.6 meters.

3) COVER DESIGN
The cover of the Panthera is a custom-built 1.5mm artificial
lather fabric-based bellow design [14] that is able to contract
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FIGURE 6. Differential driving units and Panthera frame.

FIGURE 7. Panthera with 4 differential drive steering units.

and expand with the platform. It is further reinforced with
hollow stainless-steel pipes and is attached to side frames.
The side frames are connected to the side beams. The cover
also protects the mechanisms and electronics in Panthera.
It prevents dust and other foreign materials such as leaf fall
from disrupting Panthera functionality during operation.

4) LOCOMOTION MECHANICAL DESIGN
Panthera is similar to a four-wheel-independent steering and
four-wheel-independent driving (4WIS4WID) mobile robot.
Compared to common 4WIS4WID robots, Panthera has
differential drive steering units to replace the four wheels
in 4WIS4WID, as illustrated in Figure 7. The advantage of
having differential drive steering units over four standard
wheels in 4WIS4WID is the reduction in required rotational
torque about the steering axis ZSUi (directed out of the paper)
and hence quicker steering response. The locomotion design
of the Panthera consists of the wheel’s locomotion and the
lead screw scissors mechanism. The length of the lead screw
between the coupling and the bearing as 59 inches, 0.9 inches,

FIGURE 8. Steering unit direction.

the theoretical, critical speed is found to be 1320 rpm [14].
The lead screw mechanism is constrained by the linkages and
the fixity of the bearings. Three points on bearings support the
lead screw with two at the end of the shaft and one in the mid-
dle of the shaft. The lead screw is supported between motor
coupling and the bearing, leading to a fixed-fixed boundary
condition. The maximum operating speed of the screw can be
considered as 1056 rpm. The locomotion of Panthera consists
of 4 differential steering units, as seen in Figure 6. Two
differential units are connected to each side beam. Each of
the differential units consists of two standard wheels. Each
wheel is driven by a DC brushed geared motor of 24 Volts and
130 rpm. The differential drive steering unit is able to perform
a 360-degree rotation, achieving an omnidirectional driving
unit. They can be controlled independently by providing the
desired steering angle required seen in Figure 8. The differen-
tial drive steering unit is connected to the side beam with two
hinges to distribute the robot’s weight evenly. From Figure 6,
during reconfiguration to expand its width, the differential
drive units will be angled away from the center of the Panthera
while the lead screw mechanism actuator will rotate. The
wheels’ speed moving away from the center beam must be
synchronized with the lead screw actuator and controlled by
an Arduino.

C. SYSTEM ARCHITECTURE
The ROS-based block diagram of the proposed system using
a client-server model is shown in Figure 9. The proposed
system is built in the workstationmachine with the eight cores
CPU, 16G Ram, and separate GPU card located inside the
body frame of Panthera [14]. Themotors for eight locomotion
wheels, two motors for scrubbing wheels, and the control
system, sensors devices of the Panthera, are powered by the
24 volts batteries. The LIDAR sensors enabling autonomous
navigation are fixed on top of the robot platform. The per-
ception unit using an RGB-D RealSense D435 camera with
Field of View (FOV) 135 degrees is mounted facing the
front view to extract color and depth streams of surround-
ing scenes. The objects outside the FOV are not captured
by the realsense camera. This information is transmitted
to the server to conduct the high-level processes of object
understanding that enables Panthera to adjust the shape
according to the width and distance of the objects in the
environments.
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FIGURE 9. Panthera system architecture.

III. SELF-RECONFIGURATION WITH VARYING
PAVEMENT WIDTH
In this section the framework for the reconfiguration and the
methodology are discussed.

A. THE FRAMEWORK OF DYNAMIC PAVEMENT AND
PANTHERA SYNERGY
This paper uses deep learning convolutional neural network
semantic segmentation for the perception of the dynami-
cally changing pavement width environment to enhance syn-
ergy between Panthera and its surroundings. Panthera stream
images from the D435 RealSense camera to determine the
pavement widths, wi and depth from Panthera, di, in different
sections, i = 1, 2, of the image. From the pavement width
and based on its current locomotion velocity, it will calculate
the steering angle required for the differential drive steering
units. The rate of reconfiguration, which involves the lead
screw motor speed and differential driving unit speed and
steering angle, will be derived. Therefore, using information
about the pavement width, Panthera will be able to recon-
figure its dimension accordingly to operate in the pavement
with varying width. It is assumed that the robot is parallel
to the pavement walkway. To ensure safety and performance
during reconfiguration, the lead screw motor rotary encoder
is used to derive the current reconfiguration state of the robot
and determine the width of the Panthera body frame where a
proportional integral and differential control is implemented.
This allows Panthera to adaptively change its reconfiguration

FIGURE 10. Panthera adapting to dynamic varying pavement width.

speed when demanded from the perspective algorithm. The
only limitation for the change in reconfiguration speed is the
maximum speed of the lead screw motor, which will provide
an operating maximum of about 16mm/s.

B. METHODOLOGY OF DYNAMIC PAVEMENT AND
PANTHERA SYNERGY
Over the past 20 years, various researches have been studying
roadwidth estimation, especially in autonomous driving vehi-
cles. However, little or no research has been studying about
a robot using a perception of dynamically changing pave-
ment to perform reconfiguration in width during locomotion.
This involves the integration between perspective algorithms
and kinematic models of a reconfigurable robot. In the past,

113360 VOLUME 8, 2020



L. Yi et al.: Reconfiguration During Locomotion by Pavement Sweeping Robot

FIGURE 11. The block diagram of vision-based reconfigurable mechanism.

conventional feature-based methods such as Canny edge
detection were useful in perspective algorithms such as
detecting road edges for pavement width estimation. How-
ever, there are many issues about tuning the right parameters
for different kinds of roads. For example, when a road does
not have proper road signs or marking, canny edge detection
does not work well. With the advances in technology, newer
methods such as semantic segmentation using deep convolu-
tional neural network enables object classification and pixel
localization. Current state-of-the-art semantic segmentation
methods are used in many autonomous cars today. Deep
learning neural networks are able to train different types
of pavements, even when pavements do not have enough
markings, which is a challenging task for conventional feature
detection algorithms. With deep learning models, classes are
trained without hard coding to specify specific features in
a class. The difficulty in using deep learning is the amount
of time gathering quality data sets for training as well as
the computational power required to train the deep learning
model to be computed in real-time.

With the introduction of Deeplab and Segnet, object classi-
fication and pixel localization can be performed at a low cost
and in real-time [38]. Other semantic segmentation includes
Fast-SCNN [39] and FasterSeg [40] which are capable of
performing high accuracy and low-cost computational power
for semantic segmentation. Together with Panthera high spec-
ifications computer, Panthera uses the Robot Operating Sys-
tem (ROS) [36] framework, which provides the infrastructure
for real-time communication. The ROS master node will be
established on the on-board computer in Panthera and estab-
lishes channels for ROS clients. ROS nodes can subscribe
and publish topics to other ROS nodes parallelly. Panthera
ROS-based block diagram using the on-board computer as
the master is as shown in Figure 11. The perspective node

will publish sensor_msgs/Image type RGB and Depth images
to the processing node. The processing node will subscribe
sensor_msgs/Image RGB images from the perspective node
and perform the semantic segmentation real-time to obtain the
pavement and non-pavement classification and the localized
pixels. To obtain more stable values of pavement width,
the processing node will obtain the average of the minimum,
xli, and maximum xri, x pixel coordinate, and the corre-
sponding y pixel coordinate from the sections in the image
received as seen in Figure 12. After calculating the x and y
pixel coordinates, the processing node will derive the corre-
sponding depth values. As the RGB and Depth image comes
from the same sensor RealSense D435 camera, the processing
node subscribes sensor_msgs/Image RGB and Depth images
parallelly, and as they share the same pixel mapping, the cor-
responding depth values can be obtained from the localized
x and y pixel coordinates. It is assumed that the field of view
of the D435 camera is parallel to the pavement that Panthera
is moving in. The raw depth image has holes whereby the
pixel values are noisy and not reliable. To reduce noise and
inaccuracy, filters are added to improve the performance of
the sensor [41]. An adaptive directional filter [42] is applied
to the depth image to fill up holes, suppressing the depth
images. After the depth image is filtered, the depth value
of the pavement section is calculated using the following
formula.

di =

∑
�i
dk

�i
(1)

where di is the depth for each section in the image,
�i is the number of pixels in section i, and dk is the depth
value per pixel. The formula takes the average depth value
in the section where the pixel is classified as pavement. The
depth for the section equals the summation of depth values
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FIGURE 12. Width detection by sections semantic segmentation
coordinates.

of pixel classified as pavement within the section over the
total number of pixels classified as pavements. To get the
estimated width of the pavement at each section, we need
to convert it from pixel coordinates to real-world coordi-
nates. Using the D435 camera intrinsic and extrinsic matrix,
we are able to convert the obtained pixel coordinates into
real-world coordinates. By applying the camera calibration
method, which uses the camera to take many images of a
chessboard, the camera intrinsic and extrinsic matrix can be
obtained. Camera calibration helps us to find the focal length,
fx and fy, and the optical centres cx and cy of the camera giving
us the camera matrix, P. Camera calibration also helps us to
find the rotational matrix, R, and translation vector, t , and
we can derive the extrinsic matrix, E , where E = [R T]. The
x and y pixel coordinates, p, can be converted to real-world
coordinates,W , using the following formula.

p = P ∗ [RT ] ∗W = P ∗ E ∗W . (2)

The width of the pavement in a section, wi, can
be calculated from the magnitude difference of the
left and right side of the pavement pixel coordinates
in Figure 12. Using the magnitude formula, wi =√
(xri − xli)2 + (yri − yli)2 + (dri − dli)2. As the y coordi-

nates and depth values are the same for the same section,
the width of the pavement in a section is the difference
between the xli and xri. Upon calculating the pavement widths
for the different sections in the image, w1 and w2, the differ-
ence in pavement widths, 1w = w1 − w2 and the difference
in depth,1d = d2−d1 can be calculated. From the geometry
seen in Figure 13, the β can be derived from Figure 14 is the
image sectioned for pavement width estimation.

β = tan−1
1w
21d

(3)

This β will be passed on to the locomotion and recon-
figuration node for Panthera to reconfigure during locomo-
tion at the desired rate of reconfiguration. With β from the
vision system, Panthera will derive the speed of steering
units and the speed of lead screw motor for feedback control
and enable Panthera to reconfigure smoothly concerning the

FIGURE 13. Section coordinates.

FIGURE 14. Image sectioned for pavement width estimation.

surrounding. The proposed algorithm is designed for even
surface pavements and uniform gradient pavements. For
pavements with varying terrain gradient, the proposed algo-
rithm is less accurate as it assumes a uniform gradient
between sections. However, this inaccuracy can be reduced
by making the sections closer to each other. The kinematic
locomotion model will be described in the next section.

IV. KINEMATIC MODEL FOR PANTHERA LOCOMOTION
A. WHEEL KINEMATICS
The position of the four steering units in the robot coor-
dinate frame in Figure 7 is predefined as (xRSU1, y

R
SU1) =

(a, b); (xRSU2, y
R
SU2) = (a,−b); (xRSU3, y

R
SU3) = (−a,−b);

(xRSU4, y
R
SU4) = (−a, b); where a is 335mm and b ranges

from 190mm (fully contracted) to 650mm (fully expanded).
v and vi are linear velocity of the robot and steering unit SUi
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respectively, where v =
√
vx2 + vy2, vi =

√
vxi2 + vyi2, vx

and vy are the robot velocity component along XR and YR axis
respectively, and vxi and vyi are the ith steering unit velocity
component along XSUi and YSUi axis respectively.
The conditions of no wheel slipping and sliding orthogonal

to wheel planes are assumed. The velocity of the steering
units and the robot are related as shown in the following
equations:

vxi = vi cos δi = vx − yRSUiω (4)

vyi = vi sin δi = vy − xRSUiω (5)

where δi is the angle between vi and XSUi, xRSUi and y
R
SUi are

the coordinates of ith steering units in the robot coordinate
frame, ω is the angular velocity of the robot.

By substituting the coordinates of the four steering units
into Eq. 4 and Eq. 5, the velocities of the steering units and
the robot are related as

A

 vxvy
ω

 = B


v1
v2
v3
v4



A =



1 0 −b
0 1 a
1 0 b
0 1 a
1 0 b
0 1 −a
1 0 −b
0 1 −a



B =



cδ1 0 0 0
sδ1 0 0 0
0 cδ2 0 0
0 sδ2 0 0
0 0 cδ3 0
0 0 sδ3 0
0 0 0 cδ4
0 0 0 sδ4


(6)

The pseudo-inverse matrix of A is obtained as shown:

A+=

 1/4 0 1/4 0 1/4 0 1/4 0
0 1/4 0 1/4 0 1/4 0 1/4
−b/k a/k b/k a/k b/k − a/k − b/k − a/k


where k= 4a2+4 b2. Multiplying A+ to Eq. 6, the velocities
of the robot is calculated as shown: vxvy

ω

 =
 cδ1/4 cδ2/4 cδ3/4 cδ4/4
sδ1/4 sδ2/4 sδ3/4 sδ4/4
P1 P2 P3 P4



v1
v2
v3
v4

 (7)

where cδi and sδi represents cosine and sine of δi respectively
and Pi = (−yRSUicδi + x

R
SUisδi)/k

Including the steering angle of the steering units, the state
vector of the robot representing the robot position and
orientation in the global coordinate frame is given to
be q =

[
x y θ δ1 δ2 δ3 δ4

]T

FIGURE 15. Panthera mechanical constrains.

The kinematic model is then represented as follows.

q̇ =



ẋ
ẏ
θ̇

δ̇1
δ̇2
δ̇3
δ̇4


=



c1
4

c2
4

c3
4

c4
4

0 0 0 0

s1
4

s2
4

s3
4

s4
4

0 0 0 0

P1 P2 P3 P4 0 0 0 0
0 0 0 0 1 0 0 0
0 0 0 0 0 1 0 0
0 0 0 0 0 0 1 0
0 0 0 0 0 0 0 1





v1
v2
v3
v4
ω1
ω2
ω3
ω4


(8)

where q̇. is defined as the velocity vector in the world coordi-
nate, ci and si are represented as cos(δi + θ) and sin(δi + θ ),
respectively.

Each steering unit is modeled as a differential drive robot,
as illustrated in Figure 8. As the linear velocity of the right and
left wheels vary, the steering unit will rotate and dynamically
change its steering angle depending on the needs of locomo-
tion and reconfiguration.

Together with the lead screw motor, Panthera is capable
of performing reconfiguration in width during locomotion.
Reconfiguration requires the lead screw motor speed differ-
ential driving unit speed and steering angle to be synchro-
nized. The locomotion and reconfiguration node will receive
the pavement width estimates for the different sections from
the processing node and will calculate the required lead screw
motor speed, differential drive unit steering angle based on
the Panthera locomotion. The vision system will provide the
steering angle and will derive the speed of differential drive
steering units required for the system to be synchronized. This
allows Panthera to reconfigure during locomotion at the rate
required by the dynamic pavements and Panthera’s current
speed.

B. LEAD SCREW KINEMATICS
For the lead screw motor speed, differential drive unit speed
and steering angle to be synchronized, it must obey the fol-
lowing mechanical constrain in Figure 15 due to Panthera’s
frame where s =

√
L2arm − b2, where ṡ is the velocity of

the carriage and b is the distance between the side shaft
and the central beam. There are three gaits for movement
during reconfiguration, as seen in Figure 16. In the case of A,
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the differential steering units on the right beammove towards
the central beam while the left beam stays static concerning
the robot’s inertial frame. In the case of B, the differential
steering units on the left beammove towards the central beam
while the right beam stays static with respect to the robot’s
inertial frame. In the case of C, both side beamsmove towards
the central beam, and the central beam stays static in the
robot’s inertial frame.

1) CASE A AND B
In Case-A and Case-B, one of the sides of the robot is moving
is the straight line while the other side is closing into the
centre of the robot. In Case-A, (SU1, SU4) will have zero
steering angle δ1 = δ4 = 0 while the 2 right steering units
(SU2, SU3) have −π/2 < δ2 = δ3 < 0. In Case-B, the
right wheel move straight where 0 < δ1 = δ4 < π/2 while
δ2 = δ3 = 0. The speeds of the steering units moving in a
straight line, Vj is

vyj = vjsin(|δi|)

=
vrj + vlj

2
sin(|δj|)

=
rϕrj + rϕlj

2
sin(|δj|)

= ḃMR (9)

vxj = vjcos(|δi|)

=
vrj + vlj

2
cos(|δj|)

=
rϕrj + ϕlj

2
cos(δj|)

= ḃMR (10)

and moving into the robot Vk are as follows

vxk = vjcos(|δi|) = [(vrj + vlj)/2]cos(|δj|) (11)

vyk = 0 (12)

The distances of the steering units have to travel in the
y-direction to compress twice in Case-A and Case-B as com-
pared to in Case-C. The speed of the reconfiguration motor is
as follows.

ṡCase−A = ṡCase−B

=
ṡCase−C

2

=
−0.5ḃMRbMR√
L2arm − ḃ

2
MR

(13)

2) CASE C
In Case-C, the central frame stationary gait, the robot is
moving is a straight line while compressing and the robot to
maintain its centroid along a straight, 0 < δ1 = δ4 < π/2
while −π/2 < δ2 = δ3 < 0 and δ1 = δ4 = −δ2 = −δ3. δ1,
δ2, δ3 and δ4 and the x and y component of the velocity are as
follows

Vyi = Visin(|δi|) (14)

Vxi = Visin(π − |δi|) for i = 1, 2, 3, 4 (15)

As Vy of the moving steering units must match the speed at
which the width b changes ḃ, the speed at which the width b
changes for moving while reconfiguration is as follows

vyi = visin(|δi|)

=
vri + vli

2
sin(|δi|)

=
rϕr i+ rϕli

2
sin(|δi|)

= ḃMR (16)

The speed of the rotation of the reconfiguration while
compressing to the center is

ṡCase−C =
−ḃMRbMR√
L2arm − ḃ

2
MR

(17)

Using the same formula for Case A, B, and C, Panthera is
also able to perform static reconfiguration where vxi = 0.
Similar to compression, Panthera is also capable of per-
forming expansion. In the next section, we will look at the
Panthera perspective algorithm to enable Panthera to recon-
figure based on dynamically changing pavements. The vision
system will provide the steering angle and will derive the
speed of lead screw motor speed required for the system to be
synchronized.

V. DYNAMIC PAVEMENT RECONFIGURATION
EXPERIMENTAL RESULTS
To evaluate the ability to self-reconfigure due to changing
pavement widths, an experimental environment where the
pavement widths are dynamically changing. Panthera is set to
operate positioned at the center of the pavements and parallel
to the pavement, such as in Figure 17. It is assumed that there
are no obstacles in the pavement and Panthera will perform
Case C of the reconfiguration during locomotion to adapt
to both sides of the dynamically changing pavement. Three
experiments were conducted. In the first experiment, Pan-
thera will start in a dynamic pavement width environment and
move straight in the forward direction. The experiment ends
when it reaches pavement of constant width. In the second
experiment, Panthera will start in a pavement of constant
width. It will move straight in the forward direction and move
out of the pavement of constant width into a pavement of
dynamically changing width. In the third and last experiment,
Panthera will move straight along a pavement of constant
width. From the three experiments, the values of β, lead
screw motor speed, steering unit speed, and the width of the
robot will be plotted against time for reconfiguration during
locomotion, such as in Figure 18.

As the robot moves along the pavement, semantic segmen-
tation will be applied to the RGB stream from the RealSense
D435 camera sensor. In the experiment, the semantic seg-
mentation VGG-16 model is applied to the RGB images.
After using semantic segmentation to classify and localize
the pixels, the average image pixel coordinates of the edges
of the pavement width will be extracted from two sections
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FIGURE 16. Panthera gaits for reconfiguration during locomotion.

FIGURE 17. Panthera platform. a) minimum width, b) maximum width.

of the images. Together with the depth information from the
depth sensor, the pixel coordinates are converted to real-world
coordinates using the homogeneous equation in 2.

A. PERFORMANCE OF VISION SYSTEM
A short-range distance of pavement widths was detected for
width estimation. From Figure 19, the width estimates of
sections 1 and 2 are 2.16m and 2.25m, respectively, while
the ground truth of pavement width is 2.09m. For long-range
distance where the depth values increase, the pavement esti-
mates are less accurate, where it will estimate up to a value
of 2.7m. This is because the RealSense D435 camera only
has an operating range of about 10m, and the values are
more affected by noise. After getting the world coordinates
of the pavement with edges in the two sections, and by using
equations in 3, the β values can be derived.
The filtered β derived will be used to pass on to the robot’s

kinematic model for reconfiguration to the center during
moving. To perform reconfiguration during motion smoothly,

the β and the kinematic model must be synchronized so
that the robot can continue moving at the desired speed and,
at the same time, reconfigure in shape. The values of β will
determine the steering angles of the steering units (SU1, SU2,
SU3, SU4) of the robot where δ1 = β, δ2 = β, δ3 = −β and
δ4 = −β. With an initial robot state of fully close and speed
of 0.1m/s, the required speed of the steering units and the lead
screw reconfiguration motors are derived. The robot’s width
is also presented to show how the robot reconfigures in width
as it moves. The filtered β derived will be used to pass on to
the kinematic model of the robot for reconfiguration to the
center during moving.

B. FIRST EXPERIMENT
In the first experiment, it is performed in a dynamically
changing pavement width where the pavement changes in
width and then moves into the pavement with constant pave-
ment width, as seen in Figure 20. At the start of the exper-
iment, the robot is far from the pavement with a constant
width. However, as the robot approaches the pavement with
constant width, the beta slowly drops in value until zero when
it finally reaches the pavement of constant width.

Based on the filtered β values, the lead screw speed of
the robot in Figure 21 and the speed for each steering unit
are as shown in Figure 22. Panthera will use these values
as input to the respective motors and will be controlled via
a proportional integral differential (PID) control. Using the
PID control of Panthera of the motors speed and steering
angle of the steering units, the control logic minimizes the
error quotient and auto-tune the PID values for the better
drivability of the Panthera, providing the desired lead screw
speed, steering unit speed, and steering units heading angle
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FIGURE 18. Reconfiguration in width during locomotion.

FIGURE 19. Pavement width estimate and ground truth.

FIGURE 20. β against time.

required to perform the reconfiguration during locomotion.
In the process of reconfiguration, while moving, the width
of the robot based on feedback control from vision is shown
in Figure 23.

As the initial robot state is fully closed, the initial width is
0.19m. The width in Figure 23 is derived from the filtered
beta angle and the steering unit speed using trigonometry.
The result of using the proposed algorithm gives the smooth
adaptation of Panthera width as it moves through dynamically
changing pavement widths.

C. SECOND EXPERIMENT
In the second experiment, it is performed just before the robot
leaves a pavement of constant pavement width into an open
area with dynamically changing pavement widths, as seen

FIGURE 21. Lead screw motor speed against time.

FIGURE 22. Steering unit speed against time.

FIGURE 23. Width against time.

in Figure 24. At the start of the experiment, the robot is still
in the pavement of constant pavement width, and the value of
β is around zero. However, as it was leaving the pavement of
constant width, beta slowly increases from zero. After it exits
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FIGURE 24. Width against time.

FIGURE 25. Lead screw speed against time.

FIGURE 26. Steering unit speed against time.

from the pavement fully and goes into a more open pavement,
the robot continues to detect changes in pavement width, and
the value of β continues to increase.

Based on the filtered β values, the lead screw speed of
the robot in Figure 25 and the speed for each steering unit
Figure 26 are as shown in this figure. Panthera will use these
values as input to the respective motors and will be controlled
via a proportional integral differential (PID) control. Using
the PID control of Panthera of the motors speed and steering
angle of the steering units, the control logic minimize the
error quotient and auto-tune the PID values for the better
drivability of the Panthera, providing the desired lead screw
speed, steering unit speed, and steering units heading angle
required to perform the reconfiguration during locomotion.

FIGURE 27. Width against time.

FIGURE 28. β against time.

In the process of reconfiguration, while moving, the width of
the robot based on feedback control from vision is shown in
the Figure 27.

As the initial robot state is fully closed, the initial width
is 0.19m. The width in Figure 27 is derived from the filtered
beta angle and the steering unit speed using trigonometry.
The result of using the proposed algorithm gives the smooth
adaptation of Panthera width as it moves through dynamically
changing pavement widths.

D. THIRD EXPERIMENT
In the last experiment seen in Figure 28, it is performed on
a pavement with a constant pavement width. At the start of
the experiment, the robot is still in the pavement of constant
pavement width, and the value of β is around zero. However,
as it moves along the pavement, it continues detecting for
pavement width changes. The value of β fluctuates around
zero throughout the experiment. This is due to noise in data
values from the RGB-D camera and also the noise in the
semantic segmentation.

Based on the filtered β values, the lead screw speed of the
robot Figure 29 and the speed for each steering unit Figure 30
are as shown in this figure. As these are values derived from
the filtered β, the lead screwmotor speed and the steering unit
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FIGURE 29. Lead screw speed against time.

FIGURE 30. Steering unit speed against time.

FIGURE 31. Width against time.

speed are oscillatingwith a small magnitude around 0 and 0.1,
respectively.

As the initial robot state is fully closed, the initial width
is 0.19m. The robot’s width is derived from the filtered β
angle and the steering unit speed using trigonometry. The
result of using the proposed algorithm seen in Figure 31
shows that the width of the robot based on feedback control
from vision varies only by a small magnitude around its initial
robot state and is generally constant.

These three experiments show that the proposed algorithm
can enable pavement sweeping robots to understand its sur-
roundings and to provide information about the surroundings
to allowing reconfigurable robots to reconfigure in width
smoothly.

TABLE 2. Terminologies and definition.

VI. CONCLUSIONS AND FUTURE WORK
The interaction framework between a novel reconfigurable
pavement cleaning robot and dynamic changing pavement
width is studied in this research. The ability of the platform to
reconfigure the width allows it to operate smoothly with the
change in pavement width. The model detects the pavement
width using the mask based DCNN network in combination
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with the depth image, allowing the robot to gain informa-
tion about the dynamic pavement environment. This helps
the robot to change the width accordingly to save energy
and optimize the cleaning task. The future work will focus
on reconfiguration of Panthera width based on dynamically
changing pavement width and objects, pedestrians [14], and
obstacles along the pavement and the adaptive control mech-
anism for dynamic environment path planning algorithms for
the autonomous navigation to maximizing the pavement cov-
erage and minimizing energy consumption. This future work
will involve the reconfiguration during locomotion Case A
and Case B where the robot will adapt to the dynamically
changing pavement on one side to avoid an obstacle on
the other side of the pavement. Another future work will
also include the efficiency of the current vision approach on
different pavement types and gradients. In the future with
the more stable working platform including cleaning pay-
load, the numerical evaluations about saves energy and opti-
mize the cleaning task through sweeping will be conducted.
The dynamic changing pavement width vision feedback
and the robot’s corresponding kinematic model are reported
in the literature, which can also be part of the future work on
interaction based on intentions for movement.

APPENDIX
See Table 2.
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