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Abstract—Path planning is crucial in numerous robotic
applications. Reconfigurable robots possess the capability to
alter their shape, enabling access to confined spaces, a task chal-
lenging for fixed-shape robots. However, existing path planners
for reconfigurable robots are typically designed with predefined
motion patterns for reconfiguration, lacking adaptation to space
availability and executing reconfiguration only when the robot
is static. This reliance on predefined patterns limits the potential
of reconfigurable robots to navigate through confined spaces.
This paper proposes a novel path-planning approach based
on dynamic reconfiguration to address this limitation. The
proposed method employs two nested A* algorithms modified
to handle reconfiguration and efficient search, termed Dynamic
Reconfiguration integrated Nested A* (DRiNA*). Experimental
results demonstrate the proposed method’s ability to find
feasible paths for robot navigation using dynamic reconfigura-
tions in confined spaces, surpassing the capabilities of existing
path planners. The scalability of the proposed method to
reconfigurable robots with varying numbers of blocks is also
confirmed. Additionally, DRINA* significantly reduces energy
consumption compared to existing path planners.

I. INTRODUCTION

Path planning is an essential feature in robotics, serving as
the basis for navigating robots through diverse environments
to achieve certain tasks [1], [2]. This involves the formu-
lation and execution of paths for robots to traverse from
an initial location to a target destination while considering
various constraints and uncertainties [3], [4]. Numerous path-
planning methods have been developed [1], [2]. For example,
a cubic spline interpolation-based path planning method
has been introduced in [5] to maintain the smoothness of
moving the robot’s path. This method uses a chaotic adaptive
particle swarm optimization algorithm to optimize the path
nodes in cubic spline interpolation. In path planning, the less
computational time for optimizing the path is challenging. To
overcome this problem, an efficient Q-learning algorithm that
can find an optimal collision-free path within a short time
has been proposed [6].

Sampling-based algorithms such as Rapidly Exploring
Random Tree* (RRT#*) could be often seen in path planning
algorithms [7]. The work, [8], proposed PQ-RRT*, which
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combines potential functions based on RRT* and Quick-
RRT#* path planner to improve the efficiency of conventional
RRT#*. The work [9] has proposed a multi-objective dynamic
RRT* composed of path generation and path replanning
procedures to cope with dynamic environments. The A*
algorithm is popular among path-planning algorithms [10].
Compared to RRT, the A* algorithm guarantees the finding
of an optimal path if it exists and is preferred for low-
dimensional problems. The modified A* planner proposed
in [11] combines the jump point search algorithm, pruning
algorithm, and quadratic bezier curve to reduce the calcu-
lation time, remove unnecessary nodes, and improve path
smoothness. The work [12] has proposed an improved A*
algorithm using a two-way optimization method with a cubic
spline function to remove unnecessary nodes, shorten the
path length, reduce the number of inflection points, and
smooth the path. Most existing path planners discussed above
have been developed for fixed-shape robots.

The accessibility of a fixed-shape robot is limited by geo-
metrical constraints such as the narrowness of a passage [13].
Therefore, accessibility and navigation through confined
spaces are challenging for fixed-shape robots. Reconfigurable
robots have been introduced to alleviate this limitation in
various application domains such as cleaning [14], explo-
ration [15], search and rescue [16], and outer space [17].
The applications and challenges of reconfigurable robots
are discussed in [18]. However, the path planning methods
developed for fixed-shape robots (discussed earlier) cannot
be directly applied to reconfigurable robots and require
modifications to handle the reconfiguration ability [19].

Path-planning algorithms specially designed for reconfig-
urable robots can be found in the literature. In [20], the
authors have developed a path planner for a reconfigurable
robot using boustrophedon motion and a genetic algorithm.
The path planner considered covering obstacles during nav-
igation. An A* algorithm combined with a zigzag planner
that generates waypoints to cover narrow spaces for a recon-
figurable robot has been proposed in [21]. Energy efficiency
is one of the crucial requirements for robots [22]. Therefore,
attempts have also been made to develop energy-efficient
path planners. For example, an energy-efficient and collision-
free path planner for a reconfigurable robot in complex
environments using Energy-efficient Batch-Informed Trees*
(EBITR*) has been introduced in [23]. The work [24]
proposed a path planner that combines heat conduction
theory and grid-based optimization for a reconfigurable robot
to plan efficient paths. Although path planners developed
for reconfigurable robots could be found in the literature,
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these path-planning methods consider predefined patterns
for reconfiguration actions. Only the modules essential for
reconfiguration are moved in these predefined patterns, while
the other blocks are kept static. Furthermore, the recon-
figuration pattern is fixed and not adaptable per the space
availability. Therefore, the performance of existing path-
planning methods for reconfigurable robots is limited in
confined spaces, thereby restricting the true potential of
reconfigurable robots.

This paper proposes a novel path-planning approach using
the dynamic reconfigurability of a reconfigurable robot to
navigate through confined spaces. Dynamic reconfigurability
in the proposed approach enables a robot to adapt to space
requirements, facilitating space-efficient maneuvering and
paving the way for feasible accessibility and navigation
in confined spaces. Based on the existing literature, the
path-planning strategy proposed in this paper represents
the first attempt to utilize the dynamic reconfigurability of
a reconfigurable robot for path planning and navigation.
The reconfigurable robot model considered for this work
is explained in Section II. Section III details the proposed
path planning algorithm with the reasoning behind dynamic
reconfiguration. Particulars on the validation and perfor-
mance comparison of the proposed algorithm are discussed in
Section IV. Conclusions of the work are given in Section V.

II. THE RECONFIGURABLE ROBOT MODEL

Smorphi! is a self-reconfigurable robot with a series of
square-shaped blocks connected through hinges. Each mod-
ule of the robot is equipped with a mecanum wheel-driven
locomotion unit, which allows omnidirectional locomotion.
This mechanism supports the relative motions between indi-
vidual robot modules, where the robot can perform shape-
shifting by rotating modules around the hinges. The number
of modules in a robot can be varied by attaching modules to
either end of the robot through hinges, which increases the
possible morphologies that the robot can achieve. A robot
platform with four modules is depicted in Fig. 1.

The kinematics of the robot is essential for defining the
positions of each module of the robot, given the input pa-
rameter values. As the robot allows both linear and rotational
movements of each module, the kinematic model should
be created to derive both linear and angular positions of

Solenoid - Latch
lock/release mechanism

(a) (b)

Fig. 1. Reconfigurable robot with four module hardware configuration (a).
Bottom view (b). Isometric view.

I www.wefaarobotics.com

each module. A reconfigurable robot with n number of
modules as depicted in Fig. 2 is considered for deriving the
kinematic model. The first module of the robot is considered
the reference where M P;: (Xj, Yy) is the center position.
It is considered that the i module is rotated by ¢; with
respect to (i — 1) module due to hinge reconfiguration for
all © = 1 to n. The model resembles a serially connected
chain structure in which the base joint moves. Thus, any
specific position of the robot with respect to the world frame
can be derived when the reference and the angular position
parameters (i.e., g;, ¢ = 1 to n) are known. The set of angular
posistions are defined by @ such that Q = [q1, g2, .., ¢n]-
The corners of each module are derived here to check the
collision with obstacles during the dynamic reconfiguration.

The position of the serial link chain node where the
hinge that connects the (i — 1)™ block with the i block
is considered C'P; for all ¢ = 2 to n. Let the lengths of the
serial link between the " hinge and the (i + 1)™ hinge be
I; for i = 1ton — 1. The position offset of the (i + 1)®
module, AP; with respect to the reference module corner
position C'P; can be obtained as in (1) for ¢ = 2 to n. Then
hinge positions C'P;, ¢ = 2 to n can be calculated as in (2).

[Apilixe =it [cos(Xi_1qr) sin(> " )], ., (D

[CPlixe = [CP1], ., + [X2 Ap,] )

Knowing the hinge positions and the angular orientations,
all the other corner positions of the i module can be
calculated. The other corners of the i" are defined as
CP!, CP?, and CP? (refer Fig.2). Three scenarios can be
considered given the reference hinge position of i module
reference position (i.e., C'F;) and the reference hinge position
for (i + 1) module reference position (i.e., C'Pi11). The
positions C P}, CP?, CP? can be calculated as in (3), where
w; is given in (4) per the scenario and L is the width of a
module. Here C and S denotes sin and cos, respectively.

1x2

CPyyy 1(X;~|» le) ,
U

CP,:(X,, Y,
CPiy (K Vi) & ( )

""" '

CP; :(X;, V)

CP;:(X3, Y3)

MP, :(X,

Fig. 2. Kinematics Model of the Reconfigurable Robot
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CPlaya]  [CPiaxe C(w;) S(ws)
CPi2(1><2) = |CPiax2) | +L |Clw:) S(wi) C(wi)+ S(w:)
CP} (1x2) CPi1x2) C(wi) S(wi
3)
Qi if serial link is between C'P; and C' P}
w; = q; — 45 if serial link is between C'P; and C’Pi2

q; — 90 if serial link is between C'P; and C’Pi3
“4)

III. PATH PLANNING

A. Importance of Dynamic Reconfiguration

The existing path planning methods of reconfigurable
robots (e.g. [21], [24], [23]) use fixed motion patterns to per-
form reconfigurations. When performing a reconfiguration,
only a few modules that change the configuration are moved
at a time, while the rest of the modules stay static until the
reconfiguration is completed. Fig. 3(a) explains the require-
ment of free space (indicated in grey color) to perform shape
transition from ‘O’ shape (Q = [90°,0°, —135°, —135°]) to
‘T’ shape (@ = [180°,0°,45° —135°]) of a four module
robot using a predefined pattern for reconfiguration. If the
space is not sufficient, these existing approaches fail to
produce a feasible path (see Fig.3(b)). Therefore, the usabil-
ity of the existing path-planning methods of reconfigurable
robots is limited in confined spaces. If reconfiguration is
performed while the robot is moving (see Fig.3(c)), it can
overcome this limitation. As the robot moves linearly while
performing the module rotations, it can use the narrow space
to avoid space constraints to do shape transitions. The way of
reconfiguration should not be predefined here to cater to the
space requirements. The execution of reconfigurations while
moving the robot’s blocks in linear and rotation movements
within their limits as required for space constraints without
relying on a predefined pattern is considered dynamic re-
configuration in this paper. Therefore, reconfigurations may
utilize distinct motion patterns of each module depending
on the space available for reconfiguration. Furthermore,
dynamic reconfiguration uses simultaneous rotational and
linear movement of each module within its limits, allowing
the robot to use the available space more efficiently. The
consideration of dynamic reconfigurations could improve the
feasibility of path planning in confined spaces.

13 ma

Fig. 3. (a) and (b): Limitation of the existing path planning of reconfig-
urable robots that use predefined pattern for reconfiguration (i.e.,[21], [24],
[23]), and (c): How dynamic reconfigurations could overcome the limitation.

B. Dynamic
(DRiNA*)

The A* algorithm can be considered one of the best path-
planning algorithms that can be used for metric environ-
ments. This algorithm consists of the strengths of Dijkstra’s
algorithm and greedy best-first search [10]. By combining
heuristic and shortest-path searching, it can explore the
search space efficiently. Here, initially, the environment is
transformed into a grid cell map, which helps create a graph-
based search methodology. The nodes indicate each grid cell,
where the edges represent the connection between cells. The
key parameters of the A* algorithm are the cost g, which
represents the actual cost from the start to the current node,
the heuristic component h, which is an estimated cost value
from the current node to the goal node, and the total cost f
which is the sum of above two parameter values. The pro-
posed system uses an A* algorithmic approach to determine
the shortest path between the start and the end node. Using
the traditional approach is enough for a fixed-shaped robot
to derive the path. However, as the proposed system utilizes
a reconfigurable robot, it is necessary to alter the algorithm
parameters to consider the reconfigurability. Therefore, start
and goal nodes are represented by the combination of the
linear position coordinate of the reference single module and
the angular positions of all the modules. Each step of the
algorithm lets the robot move each module freely within the
given constraints. The grid cell map consists of smaller cells
of one unit equal to lcm x lcm. At each step, the robot is
allowed to linearly move 1 unit cell in four directions, which
are up, down, left, and right, and a rotational movement
of 5° clockwise or anticlockwise. So, considering all the
permutations of the robot’s movement per step, given the
number of modules n, the number of permutations can be
calculated as in (5). At a considered step of A*, each node
produces children nodes equivalent to the number of possible
permutations in (5).

Reconfigurability integrated Nested A*

S

Critical parameters of the A* algorithm for the recon-
figurable robot platform are straightforward. As for the
cost value g, it calculates the total movement of the
robot modules between the current node and the start-
ing node. Let the current node linear and angular po-
sitions are [(Z¢,Ye), (deys ey, --)] and for the child node
[(®chs Ten), (Gehy s dehs s ---)]- Let L be the side length of the
robot. Then, the cost g of the child node can be expressed
as in (6).

permutations = 4 x 3"

child.g = (xen — e) + (Yer — Ye)+

L (|gen, — ey | + |qeny — e + ) (6)

To calculate the heuristic estimate to the goal position,
Manhattan distance in between particular child node and goal
node linear positions of the reference single module is used
with the angular difference between the child configuration

5475



and the goal configuration. Let the child node position be
[(®chs Yen)s (Qehy s Gehss ---)] and the goal node position be
[(zg,Yg)s (4gy» s ---)]- Then, the heuristic component can
be calculated as in (7).

child.h = ‘xg_xch‘+|yg_ych‘+L*(‘Qy1 —{ch, |—|—|qu —Qehy | F-.0)

(N
Considering the number of children nodes created by a
single parent node, it takes a significant amount of time
to provide a solution for a given environment. Therefore,
changes have been applied to the path planning algorithm to
reduce excess time, considering the nature of the reconfig-
urable robot. For the robot to move through a particular path
using reconfiguration, the path should be wide enough to fit
at least a single module of the robot. Considering this fact, a
new heuristic component is introduced instead of Manhattan
distance. Here, a separate A* is applied only to the reference
single module to derive the shortest path between the current
node and the goal node. This A* algorithm outputs a feasible
path that only a single module of the robot can follow, and it
takes less computational time. The length of this derived path
is then used as the heuristic component for linear position
difference. Thus, the updated heuristic component for outer
A* can be calculated as in (8).

child.h = A;nner((xclw ych)’ ('rsh yg))+L*(|qg1 —Ych,y |+)
®)
Calculating parametric components for the inner A* is
straightforward as it considers only a single module of the
robot. Cost g value is calculated considering the current
linear position and the last position of the robot. Cost &
is derived using the Manhattan distance between the current
and end positions. That way, the modified algorithm avoids
creating unnecessary nodes and saves time. Additionally, the
linear distance heuristic component improves path quality
by diminishing the impact of the cost g, resulting in the
reduction of more unnecessary nodes within the search
space. In brief, the outer A* handles the angular orientation
variations while the inner A* handles the linear position
variations. Outer A* mainly considers the effect of the
heuristic component, so it almost resembles the behavior of
a greedy best-fit search algorithm. The overall flow of the
proposed algorithm is explained in Algorithm 1.

C. Obstacle Collision Detection

Obstacle avoidance is also a part of the A* algorithm
which ensures to create children nodes that are not collid-
ing with the obstacles in the environment and inside the
boundaries. As each robot module is free to move in the
proposed system, it is necessary avoid self collisions as
well. These conditions have been considered in the proposed
system in order to create a suitable collision detection
system. Here, the robot itself and the all the obstacles
are represented as polygons which can contain multiple
vertices connected through edges. In order to check for
the collision, intersection between polygons are considered.

Algorithm 1 DRiNA* path planning

Input [MPstarty Qstartv Mquah ngal]
Output robot path

map < create grid map;
Node «+ [MP,Q : [q1, 42, -], Node.parent, g, h, f]
NOdestart <~ NOde(MPstar’ta Qstarty N(me, 07 07 0)
Nodegoai < Node(M Pyoqar, Qgoal, None, 0,0,0)
openlist, closedlist
openlist.insert(Nodestart)
MOVeinear(sx2) < [[0,0],[0,—1],[-1,0], [0,
Moveqng(s1xa) < [[0,0,0,0],[5,0,0,0], [-5,0,0,0], ...]
while lopenlist empty do
Nodeey <+ Select node with lowest f value
if Nodec,, == Nodegoq then
return path
break
end if
for linear step in moveyineqr do
hi = Inner A*(Nodepey. M P, Nodepew. M P)
for angular step in movegny do
Node,e,.MP = Nodecy,.M P + linear step
Node, e .ang = Nodecy-.ang +
angular step
Nodepew-h = hy
if Nodepey out of bounds | collision then
continue
children.append(N odeeq)
end if
end for
end for
for child in children do
set g, h, f scores as in (6) and (7)
end for
end while

=)
=
_
=

Obstacles are inflated by 2 cm to maintain tolerance. Let the
robot consists of modules M1, M2, M3, .. with each con-
sists of polygons, Poly; : [CPL,CP2,CP} CP}], Polys :
[CP;s,CP},CP3,CP{],.. each represented by the corner
positions of particular module. The obstacles be, Obs; :
[01,0%,0%,01,..],0bsy : [03,0% 03,03,...],... Then
algorithm checks for the intersections in between consid-
ered edges of the polygons. If there’s such an intersection,
algorithm identifies it as a collision. But if the intersection
point would be either corner of the edges, those scenarios
are neglected.

IV. RESULTS AND DISCUSSION
A. Experimental Setup

The proposed path planning method has been validated
by conducting several simulations utilizing a virtual model
of Smorphi reconfigurable robot. The built virtual model
follows the exact dimensions and kinematics constraints of
the actual robot. The simulations were carried out in a
Python-based simulation environment. Even though a step
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Fig. 4. Experiment results for four module configuration used for performance comparison.

movement of the robot has been represented using discrete
variables (M P, @), resultant positions (corner positions) of
the all-robot modules are calculated as floating-point values
to preserve the accuracy. Also, each module of the robot
is allowed to perform rotational movements. Therefore, the
whole environment has been represented as a continuous
space where robots and obstacles are represented as poly-
gons. Two sets of experiments were conducted. The first
set considered the comparison of the performance of the
proposed method against the existing path-planning methods
of reconfigurable robots. The second experiment focuses on

the scalability of the proposed method for a reconfigurable
robot with a different number of blocks.

B. Performance evaluation

The existing path planning methods of reconfigurable
robots, the modified A* proposed in [21], heat conduction-
based planning proposed in [24], and EBITR* proposed in
[23] have been considered for comparing the performance
of the proposed DRiNA*. A reconfigurable robot with four
modules has been considered here since the existing method
is only developed considering four blocks and robots. Six test
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cases shown in Fig. 4 have been considered for the compari-
son. The ability of reconfigurability in the given environment
and the distance cost defined by the total distance traveled by
all the robot modules have been considered the performance
matrix. The travelled distance is also chosen as metric since
the enegy usage is a concern for mobile robots. The obtained
results are given in Table I.

In test case 1 given in Fig. 4(a), the goal of the planning
was to move the robot in the initial position with the ‘O’
(Q = [90°,0°,—135°, —135°]) to the given goal location
with the goal configuration of ‘O’ shape. Here, the robot
must navigate through a narrow passage by reconfiguring it-
self. With the proposed DRiNA* approach, the robot success-
fully navigated and reached the goal position with the desired
goal configuration. According to the working principle of the
existing approaches, the robot must first reconfigure itself
to ‘I’ shape (Q = [180°,0°,45°, —135°]) to move through
the narrow space and then reconfigure itself to ‘O’ after
passing the narrow passage. However, the space on the left
side is insufficient for facilitating this reconfiguration since
those methods used pre-defined patterns for reconfiguration,
as explained in Section III-A. Therefore, all the considered
existing methods failed to produce a feasible path with
reconfigurations for the robot to follow to reach the goal
with the desired shape configuration.

In case 2, all the algorithms were able to provide a solution
to find a path and reconfigurations to reach the goal with the
given shape configuration. The navigation task in this case
was similar to case 1, where the initial and goal configura-
tions are ‘O’ while the robot needs to move through a narrow
passage. In contrast, the space availability on both sides of
the narrow pass is much higher compared to case 1. This

TABLE I
RESULTS COMPARISON

Method Possi.bilit.y of | Navigation
navigation cost
Modified A* No *
Casel Heat conduction No *
’ EBITR* No *
DRINA* (proposed) Yes 1543.207
Modified A* Yes 2083.389
Case? Heat conduction Yes 2083.389
EBITR* Yes 1908.504
DRiNA* (proposed) Yes 1781.302
Modified A* No *
Case3 Heat conduction No *
EBITR* No *
DRiNA* (proposed) Yes 1619.541
Modified A* No *
Cased Heat conduction Yes 1209.515
EBITR* Yes 1209.515
DRiNA* (proposed) Yes 1102.755
Modified A* No -
CaseS Heat conduction No *
EBITR* No *
DRiNA* (proposed) Yes 1656.76
Modified A* No *
Casch Heat conduction No *
’ EBITR* No *
DRiNA*(proposed) Yes 1244.306

higher space availability facilitated the robot reconfiguration
into the 'I’ shape first, then navigating through the narrow
passage, and finally reconfiguring back to the O’ shape at the
goal location in the events of the existing methods. However,
the traveled distances observed for the existing methods are
way higher than that of the proposed method in this case.
The traveled distance can be used as a metric to estimate the
energy usage of the robot. From that perspective, the existing
methods, EBITR*, heat conduction, and the modified A*,
have recorded 7.14%, 16.95%, and 16.95% more energy
consumption than the proposed DRiNA*.

A similar behavior was observed in case 3, where the robot
in its initial ‘L’ configuration (@ : [90°,0°,45°,135°]) had
to reach the goal with the ‘L’ shape. However, the modified
A* proposed in [21] was unsuccessful in navigating the robot
to the goal. The least distance cost was observed from the
proposed DRiNA* method in case 3, too. In cases 4, 5, and 6,
the proposed DRiNA was successful in navigating the robot
as demanded. In contrast, several existing methods have only
been able to navigate the robot in case 4 but case 5,6 failed.

According to these results, the proposed method surpassed

(c)

DRiNA* path planning for complex environments. (a).The robot

Fig. 5.
initially at L1 in ‘O’ configuration (QQ = [90°,0°, 135°, 135°])
and commanded to moved to L2 with ‘O’ configuration (Q =
[90°,0°, 135°, 135°]) as the end. (b) The robot initially at L1 in ‘Z’
configuration (Q = [180°, 180°,45°,45°]) and commanded to move
to L2 with ‘I’ configuration (Q = [90°,0°,45°, 135°]), then to L3,
with ‘O’ (Q = [90°,0°, 135°, 135°]), then finally L4 with ‘O’ (Q =
[270°,0°, 135°, 135°]) as the end configuration. (C). The robot ini-
tially at L1in ‘L’ (Q = [180°,0°, 45°, 45°]) configuration and commanded
to move to L2 with ‘O’ configuration (Q = [270°,0°, 135°, 135°]),
then L3 with ‘O’ (Q = [180°,0°, 135°, 135°]), then finally L4 with
‘L’ (Q = [180°,0°,45°,45°]) as the end configuration.
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the performance of the existing path planning methods in
all the above cases due to the use of space-aware dynamic
reconfiguration. Even though minimizing energy consump-
tion is not a priority of the proposed DRiNA* algorithm, it
has been able to surpass existing methods in this aspects,
demonstrating the growing potential. Apart from these six
cases, situations of a robot navigating through complex
environments with many confined spaces as shown in Fig. 5
were also considered for demonstrating the full potential of
the proposed method. In the scenarios shown in Fig. 5(a),
initially the robot in ‘O’ configuration was at the location
‘L1’ and it was commanded to move to the location ‘L2’
where the end configuration should be ‘O’ configuration.
The scenarios shown in Fig. 5(b) and Fig. 5(c), the robot
was commanded with two intermediate way points ‘L2’ and
‘L3’ with different shape reconfiguration requests. As similar
to the previous case, the proposed method was capable of
navigating the robot toward the goals and achieving the
desired configuration at the goals. In contrast, the existing

Experiment results for two, three, five module configuration

path planners of reconfigurable robots could not successfully
achieve this kind of navigation behavior. Therefore, the
proposed DRiINA* can bring out the full potential of a re-
configurable robot with the help of dynamic reconfiguration.

C. Scalability Analysis

The second set of simulations have been carried out to
demonstrate the scalability of the proposed method with
reconfigurable robot with different number of blocks. Two,
three and five module configurations of the robot have been
considered here. The robot was assigned a navigation task
for each case similar to the first set of experiments. Different
confined environments were considered here to facilitate the
size variation of the robot due to number of blocks. The
traced paths and the configuration of the robots are shown
in Fig. 6. In all the test cases, the robots were capable
of reaching the goal with the desired configuration using
the proposed DRiNA* method demonstrating its scalability.
The existing path planning methods (A*, EBITR*, Heat
conduction) are developed to work only with robots with four
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blocks and the scalability for robots with different number of
blocks is not possible. Therefore, the scalability is an added
advantage of the proposed DRiNA* compared to the existing
path planning methods.

V. CONCLUSION

This paper proposed a novel path-planning approach for
reconfigurable robots to enhance performance in confined
spaces. The proposed method leverages the dynamic recon-
figuration capability of robots to plan an efficient path and
adapt reconfiguration based on space availability. The path
planner is developed using two nested A* algorithms, which
have been modified to accommodate dynamic reconfiguration
while enhancing search efficiency.

The proposed Dynamic Reconfigurability integrated
Nested A* (DRiNA*) has been compared against existing
path planners for reconfigurable robots. According to the
experimental results, the proposed DRiINA is capable of
generating feasible navigation paths using dynamic recon-
figuration in confined spaces, where existing path planners
have failed. Furthermore, the proposed DRiNA demonstrates
superior energy efficiency compared to existing path plan-
ners. Additionally, DRiNA exhibits scalability to reconfig-
urable robots with varying numbers of blocks, addressing a
limitation of existing path planners. Future work includes
extending the method to handle dynamic obstacles and
unknown environments.
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