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ABSTRACT: Researchers are increasingly focused on enabling groups of multiple unmanned vehicles to operate
cohesively in complex, real-world environments, where coordinated formation control and obstacle avoidance are
essential for executing sophisticated collective tasks. This paper presents a Distributed Formation Control and Obstacle
Avoidance (DFCOA) framework for multi-unmanned ground vehicles (UGV). DFCOA integrates a virtual leader
structure for global guidance, an improved A* path planning algorithm with an advanced cost function for efficient path
planning, and a repulsive-force- based improved vector field histogram star(VFH*) technique for collision avoidance.
The virtual leader generates a reference trajectory while enabling distributed execution; the improved A* algorithm
reduces planning time and number of nodes to determine the shortest path from the starting position to the goal; and the
improved VFH* uses 2D LiDAR data with inter-agent repulsive force to simultaneously avoid collision with obstacles
and maintain safe inter-vehicle distances. The formation stability of the proposed DFCOA reaches 95.8% and 94.6% in
two scenarios, with root mean square(RMS) centroid errors of 0.9516 and 1.0008 m, respectively. Velocity tracking is
precise (velocity centroid error RMS of 0.2699 and 0.1700 m/s), and linear velocities closely match the desired 0.3 m/s.
Safety metrics showed average collision risks of 0.7773 and 0.5143, with minimum inter-vehicle distances of 0.4702 and
0.8763 m, confirming collision-free navigation of four UGVs. DFCOA outperforms conventional methods in formation
stability, path efficiency, and scalability, proving its suitability for decentralized multi-UGV applications.

KEYWORDS: Formation control; obstacle avoidance; virtual leader; path planning; multi UGV collaboration

1 Introduction

Formation control is a crucial aspect of modern control systems that enables multiple unmanned vehi-
cles to coordinate their movements while maintaining a desired spatial arrangement to accomplish complex
tasks [1]. In recent years, the collaboration of multiple unmanned vehicles and their obstacle avoidance
has received increasing attention from research scholars due to its significant role in military operations,
logistics, environmental monitoring, and search and rescue missions, where maintaining an organized
formation enhances efficiency, safety, and task execution [1,2]. Effective formation control ensures that
Unmanned Ground Vehicles(UGV) navigate dynamic environments while avoiding obstacles, maintaining
a safe distance between the group of vehicles, and adapting to real-time constraints [3].
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The approach to collaborating multiple unmanned vehicles was introduced in mobile robots, but
formation control techniques are now used not only in unmanned aerial vehicles (UAV) or unmanned
ground vehicles (UGV) but also in Unmanned Surface Vehicles (USV), Unmanned Underwater Vehicles
(UUV), on-road vehicle platoons, and even in satellites [4,5]. The primary objective of formation control is to
establish and sustain a predefined geometric configuration while addressing real-world challenges, including
terrain variations, sensor uncertainties, and limited communication bandwidth. Several control strategies
have been proposed in the last two decades, including leader-follower (LF), virtual structure (VS), artificial
potential field (APF), and behavior-based (BB) approaches. The leader-follower strategy designates one or
more UGV as leaders that define the trajectory while the followers adjust their motion accordingly [6]. The
virtual structure approach (VSA) models the entire formation as a rigid structure where all UGV's maintain
fixed relative positions with each otherand the Behavior-based approach (BA) relies on local interaction rules,
enabling decentralized coordination without explicit global planning [1,7]. The virtual leader approach can
be viewed as a hybrid strategy that combines elements of leader-follower and virtual structure methods. Fig. 1
shows different types of formation control techniques in unmanned ground vehicles [8].

(¢) Virtual-Leader Approach (d) Behavior based Approach

Figure 1: Formation control in unmanned ground vehicles.

Path planning plays an important role in the formation control of multiple unmanned vehicles, where
every vehicles movement needs to determine its path from the starting position to the final destination,
avoiding collisions with obstacles [9]. With the expansion of research and the increasing understanding of the
surrounding environment through sensors, various path-planning algorithms have emerged for unmanned
vehicles, including A* [10], RRT [11], PRM [12], and Hybrid A* [13]. These algorithms work in different
scenarios of unmanned vehicles. However, in multiple vehicle formation control, the group of vehicles needs
to avoid obstacles while they are moving towards their final destination, which is a complex process [9].
Because all the vehicles should move as a group to maintain the safety distance between each other, find
the shortest path towards the final destination, and avoid collision with the obstacles while in motion. Fig. 2
shows the path planning of vehicles, where Fig. 2a represents the path planning of a single vehicle and Fig. 2b
shows the path planning of multiple vehicles in a group.
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Figure 2: Visualization of path planning technique (a) Path planning of a single vehicle, (b) path planning of multiple
vehicles as a group.

Formation control in Unmanned Ground Vehicles (UGVs) presents significant challenges in collabora-
tion, path planning, and collision avoidance, especially in dynamic environments [6]. Most existing studies
address collision avoidance with a single static obstacle, assuming known obstacle positions. However, real-
world scenarios involve unknown and moving obstacles, making coordinated movement more complex.
Path planning for multiple UGV often focuses on individual optimization, neglecting formation constraints,
which can lead to inefficient paths and inter-vehicle collisions [14]. Distributed formation control offers
greater flexibility by allowing local decision-making based on real-time feedback, but maintaining coordi-
nation and obstacle avoidance in a decentralized setting remains difficult due to communication limitations
and computational complexity [7].

This research aims to address these challenges by developing a virtual leader-based formation con-
trol strategy integrated with an improved A* path planning algorithm, enhancing real-time adaptability,
formation stability, and collision avoidance in cluttered environments with static obstacles and inter-agent
dynamics. In this research, we proposed DFCOA, a distributed formation control and obstacle avoidance
of a multi-UGV system using a virtual leader and an improved A* algorithm, which will plan the path of
the virtual leader by the improved A* algorithm, and other group members will negotiate their positions
to maintain the group structure shown in Fig. 3. In this proposed research, we have utilized the VFH* and
repulsive force function with a 2D LiDAR sensor to determine the position of obstacles and adjust the
trajectory, thereby maintaining the formation. The contributions of this study are as follows:

1. An integrated distributed formation control and obstacle avoidance framework (DFCOA) for multi-
UGV systems in cluttered environments, which simultaneously addresses global path planning,
formation maintenance, and multi-agent collision avoidance—a combination not fully resolved in
existing distributed approaches. Experimental results demonstrate high formation stability of 95.8% in
a dense obstacle scenario and 94.6% under external disturbance, with low formation centroid errors
(0.9516 and 1.0008 m RMS, respectively).

2. An improved A* path planning algorithm with a novel cost function that penalizes proximity to
obstacles and optimizes node expansion, reducing average computational time by ~27% and number of
nodes by ~35% compared to the traditional A* algorithm, while generating shorter and formation-aware
global paths for the virtual leader.
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3. An enhanced VFH* obstacle avoidance method incorporating inter-agent repulsive forces, which
enables UGVs to avoid collisions with the obstacles while actively maintaining safe inter-vehicle
distances.

4. A virtual-leader-based coordination structure that ensures scalability and robustness without single-
point failure vulnerability, enabling precise velocity tracking with velocity centroid errors of 0.2699 and
0.1700 m/s RMS, closely matching the desired velocity of 0.3 m/s in two experimental scenarios.

5. Comprehensive quantitative validation and comparative analysis demonstrating that DFCOA outper-
forms established published research papers.

The remainder of this paper is organized as follows. Section 2 presents a comprehensive review of
the recent literature on multiple UGV formation control, path planning, and obstacle avoidance strategies.
In Section 3, the problem formulation is described in detail, including the mathematical modeling of UGV
kinematics and the definition of the formation control objectives with the definition of the performance
metrics. The proposed methodology is elaborated in Section 4, where we introduce an improved A*
path planning algorithm, a virtual leader (VL)-based formation framework, an improved VFH* obstacle
avoidance algorithm, and a mechanism for estimating positional deviations. Section 5 provides experimental
results that validate the effectiveness and robustness of the proposed approach. In the end, Section 6
concludes the paper and discusses potential directions for future work in UGV formation control research.
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Figure 3: The proposed DFCOA architecture in this research paper.

2 Literature Review

The newer developments in multi-agent systems have seen major improvements in the areas of forma-
tion control that enabled multi-UGV path planning and obstacle avoidance. However, the new challenges
of scaling and complex conditions, and constraints remain as critical issues in the combination of such
components. The contemporary formation control policies focus on decentralization to increase scalability
and strength [15]. Early methods, e.g., virtual structures, were based on focusing on global trajectory tracking,
yet they did not cope well with dynamical settings [8]. Computational bottlenecks were reduced with
leader-follower methods, but single-point failure threats were created. Recently, ref. [16] has developed
a work of decentralized control by uniting collision avoidance with connectivity maintenance, but their
approach presupposes the existence of perfect localization, which was mentioned in [17] in 2013. There is a
new paradigm of adaptive coordination in deep reinforcement learning (DRL). In [18], Tan and Bejarano
from the University of Toronto used DRL to control heterogeneous mobile robots in formation, with
the resulting methods demonstrating less than a meter tracking errors in simulations. Nevertheless, their
framework is not integrated with global path planners, which limits its use in obstacle-filled environments.
The survey on the formation control of swarm robotics trends by [19] revealed a strong gap with very few
studies on simultaneous formation control, obstacle avoidance, and localization in the context of sensor
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noise. Table 1 compares multiple UGV formation control approaches with the recent High-Order Fully
Actuated (HOFA) [20] in formation control, which can handle the nonlinearities of multiple agents with the
advanced control technique, but the complex implementations and the high computational costs make it less
efficient [21].

Table 1: Comparison of multiple vehicle formation control approaches.

Approach Key Features Advantages Challenges
One or more leaders
, , Simple, scalable, widely Leader dependency and
LF [22] guide followers in I .
, used. vulnerability to failures.
formation.
Treats formation as a . .
_ . , Precise control, easy to Computationally
VS [15] rigid structure moving . . ,
maintain formation. expensive, hard to adapt.
together.
Uses local rules (e.g., .
, . (. 5 Robust, adaptive to Hard to ensure global
BB [23] separation, cohesion, . . . -
, dynamic environments. formation stability.
alignment).
Utilizes graph rigidit Strong theoretical Complex graph
Graph Theory- grap g Y g, p' grap .
Based [24] and connectivity foundation ensures computations require
maintenance. stability. strong communication.
Sensitive to
Consensus- Each agent updates its Distributed, no leader

Based [25,26]

state based on neighbors.

required, scalable.

communication delays in
real-time scenarios.

APF [27]

Uses repulsive forces for
coordination.

Simple, real-time obstacle
avoidance.

Local minima problem,
unstable in dense areas.

Deep
Reinforcement
Learning
(DRL) [28]

Uses Al to learn optimal
formation control
policies.

Adaptable, works in
unknown environments.

High training time,
requires large datasets
and computational costs.

High-Order Fully
Actuated (HOFA)
Systems [21]

Uses an adaptive
distributed containment
control scheme.

Handles nonlinearities,
stable control.

Complex
implementation,
computationally heavy.

The A algorithm* remains a cornerstone of grid-based planning due to its optimality guarantees.

Recent innovations focus on enhancing efficiency and adaptability. Han et al. [29] proposed a hybrid A*
variant for unmanned vehicles, combining heuristic search with motion primitives to generate smoother
paths in structured environments. Wang et al. [30] introduced adaptive A*, dynamically adjusting heuristic
weights for real-time performance in dynamic grids, and in [31], used the evaluation function with the
optimized node for the multi-vehicle path planning [32]. While these methods reduce computation time
by 30%-40%, they do not account for multi-agent formation geometries. Sampling-based planners like
RRT* or probabilistic road-maps(PRM) [33] excel in high-dimensional spaces but generate jerky trajectories
unsuitable for UGVs. DFCOA bridges this gap through an improved A* algorithm that prioritizes diagonal
movements and penalizes proximity to obstacles, enabling formation-aware global planning with less
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computational time with optimizing the number of nodes and the path distance [31] as shown in the binary
map in Fig. 4.
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Figure 4: Path planning in the binary map.

Local obstacle avoidance techniques must balance reactivity and stability of the group of multiple
vehicles. The Vector Field Histogram (VFH) [34] remains widely adopted for its computational efficiency, but
its reliance on accurate localization limits performance in GPS-denied settings. Researchers [35] enhanced
VFH with probabilistic steering (VFH*) [36], reducing oscillations in narrow passages by 25% for Unmanned
Surface Vessel. Zhao et al. [37] integrated reinforcement learning with LiDAR data for dynamic obstacle
avoidance, achieving 89% success rates in pedestrian-rich simulations where While learning-based methods
show promise, they demand extensive training data and lack interpretability [37,38]. Accurate localization
is critical for both formation control and obstacle avoidance. LiDAR-inertial odometry has advanced GPS-
denied navigation [39], achieving centimeter-level accuracy in structured environments. Collaborative
SLAM frameworks [40] enable multi-UGV map fusion but incur high communication overhead. Ullah
etal. [41] surveyed mobile robots localization and described Monte Carlo localization (MCL) advancements,
demonstrating its robustness under sensor noise but noting scalability challenges in dense formations [42].

Although significant advances have been achieved in the area of multi-UGV coordination, there are
still a number of serious gaps to be taken into account in terms of the integrated formation control and
obstacle avoidance in dynamic and cluttered environments. The merits of existing approaches are simplicity
and scalability of leader-follower (LF) approaches [22], the high control of geometry provided by virtual
structures (VS) [15], the resilience of behavior-based (BB) [23] approaches in the context of unknown
conditions, and the theoretical assurance of consensus-based approaches [25,26]. Sampling-based planners
(e.g., PRM, RRT*) perform well in high-dimensional spaces, whereas optimized variants of A* are more
efficient in computational terms in a static grid [43].

Nevertheless, there are still significant weaknesses where LF methods are susceptible to a single-point
failure, VS and graph-based methods lack real-time flexibility, APF methods are prone to local minima, and
behavior-based methods cannot guarantee global formation robustness [1]. Moreover, the majority of the
learning-related approaches (e.g., DRL) need a large amount of training data and are not interpretable [7,37].
The most glaring gap is the lack of integration between global optimal planning, distributed formation
stability, and real-time multi-agent collision avoidance into a single, scalable framework. These aspects
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are frequently treated separately by existing systems, e.g., formation constraints when planning, reactive
avoidance when forming globally, and result in poor performance in cluttered environments [44]. Such a
disparity has inspired the suggested DFCOA structure, where global planning through a better A* path
planning algorithm is combined with distributed formation control through a virtual leader and a real-time
collision-avoiding algorithm by repulsive-force-based improved VFH* in one architecture.

3 Problem Statement
3.1 UGV Kinematic Model

The paper used four mobile robotic models here as the UGV model for distributed formation control
and obstacle avoidance(DFCOA). Fig. 5 shows the kinematic model, which has two actuated wheels con-
nected with the controller and a castor wheel that helps to turn the vehicle at the shortest angle. d represents
the track width and r represents the wheel radius of the mobile robot. In Fig. 5, x, y represent the global
vehicle position in the X and Y axes, and @ is the heading angle of vehicles shown in Eq. (1).

g cos(60) % cos(6)

X r r '
}9:/ = Esin(@) Esin(e) [ii] )
_r r
d d

Figure 5: Kinematic modeling of the differential drive unmanned Ground Vehicle (UGV).

The ¢; and ¢r show the left and right wheel speed of the vehicle. If the ¢; is greater than ¢y, the
vehicle will turn left, or if the ¢ is greater than ¢;, the vehicle will turn to the right side. Eq. (2) shows the
formulation of linear and angular velocity that depends on the wheel speeds, wheel radius, and track width
of the vehicle.

V=§(¢R+¢L);w:§(¢R—¢L) ()
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3.2 Formation Definition and Position Initialization

In this virtual leader(VL) based formation control technique, it is very important to initialize the
position of the virtual leader and the group of UGV's shown in Fig. 6. Let’s the virtual leader of the formation
represented by [x, y., 0. ] where x,, y. are the coordinates of the virtual leader and 6, is its orientation in
radians. The formation geometry consists of four vehicles positioned symmetrically around the virtual leader,
forming a rectangular shape with width w and length . Each vehicle is placed at an angle 6, and the distance
d; relative to the virtual leader as given in Eq. (3).

A 3
Mo 2sin(6;) )

Virtual Leader

] ]
(=] [~ ]
uov_3 I — UGV 0
+ "' “‘\\ %
I 4 Pl
[ 1 PR N =
uGgv_1 UGv 2

Figure 6: Geometric relationship between virtual leader (VL) and UGV’s in the formation group.

The initial position of the UGV can be determined by Eq. (4) where d; and 0; are defined for each
vehicle,

xi=x.+d;cos(0; +0,)
yi=yc+d;sin(0; +0,)
0; =0, (4)

To form the rectangle of the UGVS with VL, it used Eq. (5), which represents the initial position of i-th
vehicle.

Xi
UGVi=| yi (5)
0;
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This mathematical formulation clearly defines how the UGVs are initially placed around the virtual
leader in a rectangular formation.

3.3 Performance Metrics Definition

To quantitatively evaluate the performance of formation control, stability, safety, and motion quality of
the proposed DFCOA system, the following performance metrics are defined by Lyapunov stability theory,
shown in [45]. These metrics provide a comprehensive assessment framework that encompasses the collision
risk, formation centroid errors, formation shape errors, and velocity centroid errors. Formation Centroid
Error (FCE), which is also known as tracking error, quantifies the deviation between the actual and desired
formation centroids, representing the global translation error of the entire formation as shown in Eq. (6).

Ec(1) = V(Xc(1) = X2 (1) + (Ye(1) - Y2 (1)) (6)

where (X, Y.) = & YN (xi, y;) is the actual centroid of the formation computed from all UGV positions,
and (X, Y}) is the desired formation centroid, typically defined by the virtual leader’s planned path [46].

E(0)= 5 1pi(0) ~p7 (1) )

Formation Shape Error (FSE) evaluates the preservation of the relative geometric structure among
UGVs, independent of the formations absolute position, where p;(t) = (x; - X, y; - Y.)T and p}(¢) =
(x7 = X*, yr — Y*)T are the actual and desired relative positions of UGV i with respect to their respective
centroids in Eq. (7).

Ba() = [ E(0)dr ®

The Formation Stability Error (FStE) characterizes the temporal consistency of formation maintenance
by computing the moving average of centroid error over a specified time window T shown in Eq. (8). This
metric reflects the system’s ability to maintain stable formation over time and indicates the stability of the
formation group [47].

E, (1) = /(Ve(t) = Ve (1) + (wc(t) - i (1))? 9)

Eq. (9) indicates the Velocity Centroid Error (VCE) which assesses the alignment between the actual
and desired collective motion of the formation group, where V, = % YN viandw, = % YN, w; are the actual
linear and angular velocity centroids, and V', w? are the desired velocity centroids derived from the virtual
leader’s motion profile. Root Mean Square (RMS) Linear Velocity and Angular velocity quantify the overall
magnitude of linear and rotational variations across the formation group, indicating motion consistency

in Eq. (10).

1Y 1Y
Vims =\| =) v wms =\| =) w? 10
’ N;l ’ N; ‘ 10)

Lower RMS values indicate smoother motion with fewer abrupt accelerations or decelerations, which
is crucial for energy efficiency and mechanical wear reduction. Collision Risk Metric (CRM) provides a
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comprehensive safety assessment by evaluating both inter-vehicle and vehicle-obstacle proximity risks while
the vehicles are moving [47].

1 N M 1

RO =h 2 pmpor 4 o

iz o [Pi(1) = Pobs i 12

In Eq. (11), Pobs.k denotes the position of the k-th obstacle, M is the number of detected obsta-
cles, and A, A, are weighting coeflicients balancing inter-vehicle and obstacle collision risks [48]. This
inverse-square formulation emphasizes the critical nature of close-range interactions of the vehicles while
avoiding obstacles.

4 Methodology

2

By following the proposed system architecture of the proposed DFCOA in Fig. 3, the proposed
methodology outlined in four parts, the path planning by the improved A* algorithm, the virtual leader based
formation structure, the improved VFH* approached-based collision avoidance with inter agent repulsive
force to keep the group of vehicles together, the position estimation and the movement which will lead the
group followers with the virtual leader to the goal position.

4.1 Improved A* Based Path Planning

The proposed DFCOA used the improved A* path planning algorithm by optimizing nodes and the path
evolution function [31,49], which was published earlier, to plan the path in the binary map from the starting
position to the goal destination. The research paper used the path planning approach for a single mobile
robot; in this research, we used it for four UGVs with the virtual leader. The method used the evolution
function o(n) added to the traditional A* path planning function,

f(n) =g(n)+h(n)+o(n) (12)

In Eq. (12), f(n) represents the total cost of the path from the starting point to the current node, g(n)
signifies the actual cost incurred from the starting point to the current node, and h(#) is a heuristic estimate
of the minimum cost from the current node to the target endpoint. The total cost function of the improved
path planning algorithm will look like,

B & 1 _ah(n)R-r

const; i=0 \/( Yiar — Ypos)2 + (xtar - xpos)2 const R

f(n) =g(n) +h(n)+

(13)

where Eq. (13) shows the updated cost function, where 3 and « are the weight constant values based on
the obstacles, starting position, and the target goal. Fig. 7 shows the improved A* algorithm, which starts
with the environment and map initialization. For this methodology, this paper used the binary maps and
static obstacles, so the system mainly understands the position of the vehicles and obstacles in the map and
understands the map area. Understanding the environment and the map, the system gets the information
about the obstacles and the obstacle information. Then all this information comes to the Loop 1, where it
decides as if the open set is empty or not. if it is no, then the algorithm goes to the end, but if it is yes, it
goes to the next step, where it gets the information of the current node w(#n), and then it finds the lowest
f(x)value in the current node. Before entering the Loop-2, the algorithm optimizes the current node with
the target node. In loop 2, it measures if the current node is the goal node or not. if it is a goal node, then it
will directly connect with the path optimization part, where the improved A* algorithm optimizes the length
of the path. But if the current node is not the goal, then the improved A* removes the node from the open
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set and appends it to the closed set, then it checks all neighboring nodes of the current node, then it selects
all nodes that are not in the closed set and calculates the f value. After the f value calculation, it enters loop-
3, where the improved A* is used while loop to understand whether the f value is better or not. if loop 3
finds the f value is better, then it joins the open queue, which leads to optimizing the path length based on
connecting the nearest nodes and returning the path, which ends the algorithm. But, if the f value is not
better in loop-3, then it feeds back to loop 1 and continues the process again and again until it finds a better
f value. The improved A* algorithm reduced the average by 27 % less computational time to optimize nodes
by 35% and total path distance for planning the path with the traditional A* algorithm [31].

O
Ne while
Loop-3 the f'value is better

| Environment & Map Initialization | I
[ Join the Open queue |

Optimize the current node with the target node I

if
e current node is goal?2
No

Remove the node from the Open set and append it to the
Close set

¥

Create Open set Containing the start node, closed
set and constant determination

Loop-2

Determine the prediction function for the
obstacles information P(x)

if
he Open set in not empt

Yes

| Optimize the path based on the nearest nodes |1—

I Check all neighboring nodes of the current node I | Return Path I

Select all nodes that are not in the closed and calculate the f* End

I Determine the information value of the current node w(n) I !
value

| Find the node with lowest f{x) value as the current node |

I

Figure 7: Flowchart of the improved A* algorithm [31].

4.2 Virtual Leader Based Formation Structure

The virtual leader-based formation structure shows the relation between the virtual leader with the
follower UGV while all of them are moving. when the virtual leader defines the obstacle-free path by the
improved A* path planning algorithm, the UGVs move together towards the goal shown in Fig. 8.

[ | N N
N
NG
N
N
/:O
- VL
< q)\'b
-~ \p

y3 Bl
Figure 8: Constraints between the Virtual leader and group vehicles to maintain the group.

The determination of this VL-based formation control approach, the constraints relation between the
VL and the follower shown in Fig. 8, where it defines the correlation between V2, V3, and VL. The distance
and the angle constraints can be written as / and ¢, which help to maintain the formation group in these
four UGVs.

We can consider the changes in the length of the follower based on the value of I and ¢,
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I; =1"cos¢*
Y% gin ot (14)
{ly =1"sin¢

This geometric framework simplifies the problem by establishing a coordinate system with the virtual
center as the origin of Fig. 6, thus specifying the coordinates of the target position of the followers. The
subsequent step involves computing the actual position of the Agent in the virtual center coordinate system.
Given the pose of the UGV in the world coordinate system (xs, yy, 05) and the virtual leader in the world
coordinate system (x;, y;, 0;), the geometric relationships elucidated in the coordinate position of the
vehicles and the virtual center has been shown in Fig. 9 where (a) shows the coordinate position of the virtual
leader(VL) and followers, (b) shows the transformation of the coordinate points while the UGV’s are in
moving condition.

{lx =(xf+dcosO—x;)cos0; + (yg+dsinfs - y;)sin0, 15)

l, =(ys+dsin€;—y;)cos0; - (x5+dcosts—x;)sin6,

(a) (b)

Figure 9: Coordinate position of the virtual leader (VL) and follower vehicles in the proposed method. (a) VL and
follower center coordinate system, (b) Transformation of Coordinate Points based on the VL and followers.

Therefore, the error due to the positional changes in the leader-follower structure can be written as,

ey =131,

If the errors e, and e, are both equal to 0, the UGVs can ensure that their relative position within the
formation remains unchanged. The next step is to control the vehicle’s velocity and angular velocity to make
the error equal to zero. Deriving the error equations concerning time yields the state-space equations. This
is a nonlinear equation, and the specific steps are shown below.

ex =17 -1
{e'y =l;-1, 17)
I} =I0"cosg
e (18)
{ly =1["sin¢
{l; =1*cos@* —["@sing* (19)
Iy =I*sing” —I"¢cosg”

If we write the equation in a simplified way, [, and l'y will be
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I, = (vfcosef—dwfsinef—vl cos@l)cosel
- (xf+dc039f—x1)w1 sin 0,
+ (vfsint—dwfcosef—vl sin@l)sinGI
+ (yf+dsin9f—yl)wl cos 0; (20)
=vpcostycos0; —dwysinfcos ) — v cos® 0,
+vysinfysinf; —dwycosOysin6; — v, sin® 0, + Lyw

=vpcosdys —dwpsindp — vy + Lw

iy = (vf sinfy —dwycosby—v; sin@l) cos 0,

- (yf +dsinfy - yl)wl sin 0;
+ (vfcos 07 —dwgsin 6y — v cos 61) sin 0,
+(xf+dc059f—xl)wl cos 0; (21)

=vrsinfrcos; — dwycosffcos ) —v;sin b cos b,
+vycosBysinf; —dwysinrsin6; — v, cos0;sin; - Lw,

=vgsindp +dwycosdpy — Lew;
From there, we can calculate the error ¢, and €y

ey =11,

=J* cos@* = 1*¢*sin@* — (vycos &y —dwysindy — v + L,wy) 22)
e =1-1,

= [*sing* —I*¢* cos ¢* — (vpsindpy +dwycos by — Lewy)

However, [7, l; represent the distance constraints between the virtual leader and follower, and ¢*
indicates the angle constraints. So, (16) can be rewritten as,

{éx = —Vfcos (Sfl + de sin 5f1 +v; - lle (23)

e, =-vysinds —dwypcosdys + Low

If the derivative of e, and ey with respect to time is less than 0, then over time, ey, e, will eventually
stabilize at 0. Then we can consider,

éx = —klex
{éy = —kae, (2

where k; and k; are positive constants of the control law, we can write the state space equation as,

{kléx =—vgcosdp +dwypsindp +v) — I,w (25)

kyéy, =-vysindy —dwyscosdys + Low

So, we can calculate the linear and the angular velocity from the above equation, where v; shows
the linear velocity of the follower, w; shows the angular velocity of the follower and virtual leader, and d
represents the distance from the tracking point to the center point of the follower UGVs. From Eqs. (26)-
(28), we obtain the linear and angular velocity of the follower group vehicle based on the position of the
virtual leader.
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vy =[kiex +vi+Lwi]sindp - [~kyey — Lewi ] cos 8y 0
Wy = [—kiex +v; — [,w;] cos 5;1 + [kaey + Lewi]sin &y (27)
68 (28)

4.3 Obstacle Avoidance Technique with Repulsive Force

The proposed DFCO used the improved VFH* obstacle avoidance algorithm to avoid collisions with
obstacles while vehicles moved towards the goal as a group. The proposed technique utilized a repulsive
force to maintain the formation after the group members had avoided collisions with obstacles in their path,
improving the traditional Vector Field Histogram (VFH*) algorithm. Fig. 10 shows the obstacle avoidance
of the UGV group and the group reconstruction with the repulsive forces, which improves the VFH*
algorithm [36] with the obstacle avoidance parameters mentioned in Table 2, which is an updated version of
the traditional VFH algorithm [34] as shown in Fig. 10.

Repulsive Force

Repulsive Force

Figure 10: Obstacle avoidance of the group of UGVs and group reconstruction by the repulsive forces.

Table 2: Obstacle avoidance parameters in improved VFH* algorithm.

Parameters Value
Angular Selector 25
Histogram Threshold [5, 20]
Safety Distance(d,q f.) 8.5

Repulsive gain(A) 3.5
Distance limits(d) 35

The Improved VFH* (Vector Field Histogram Star) algorithm is a local obstacle avoidance and motion
planning strategy designed for autonomous navigation in multi-UGV’s which It extends the conventional
VFH* by incorporating dynamic obstacle awareness through 2D LiDAR sensing and ensuring inter-agent
safety via repulsive potential fields. For each of the four UGV, the environmental geometry is first discretized
into a polar histogram H, where each bin 0y, represents the obstacle density derived from 2D LiDAR scans
(6:,d;). To prioritize immediate threats, a weighting factor w = 1/d? is applied to valid distance returns
through Algorithm 1.
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Algorithm 1: Improved VFH* Algorithm with the repulsive forces for obstacle avoidance in the group of
UGVs with 2D LiDAR data
1: Input:
lidar_scan: array of (6, d;) from 2D LiDAR
UGV _pose = (x;, ¥, 0,)
goal_pose = (xg, y,)
agents: list of (x;, y;) for all UGVs
current_agent_id: index of current UGV
params = {«, 3,9, A, dsate, AB, threshold }
2: Constants: vehicle radius, safety distance, minimum turning radius, distance limits
3: Output: 0* (Steering Direction)
4: Step 1: Construct Polar Histogram from LiDAR
5:forall (6;,d;) € lidar_scan do
6: if d; is valid then

7: w < 1/d?
8: BOpin < round(0;/A6) - AO
9: H(Gbin)%H(ebin)ﬁ-W
10: end if
11: end for

12: Step 2: Add Repulsive Forces from Other UGV's
13: Remove current agent from agents
14: for all (x;, y;) € agents excluding current_agent_id do

15: d < |(xi,yi) = (xr, 1)
16: if d < dg,¢ then

17: ¢ < atan2(y; — y,, x; — x;)
18: Pbin < round(¢p/A0) - AO

19: repulse < A - (dgafe — d)

20: H(dbin) < H(¢pin) + repulse
21: end if

22: end for

23: Step 3: Generate Candidate Directions
24:0 <~ g

25: for 0 = —m to 7 with step A0 do

26: Bglobal < wrapToPi(0, + 0y)

27: ebin <~ round(Gglobal/AO) -A8

28:  if H(Byin) < threshold or not in H then

29: ®«0u {leobal}
30: end if
31: end for

32: Step 4: Evaluate Cost for Each Direction
33: Ogoal < atan2(yg — yr, Xg — Xr)

34: min_cost < oo, 8% « 0,

35:forall 6, € © do

36: Cobs < H(0y) if exists, else 0

(Continued)
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Algorithm 1 (continued)

37: Cgoal <« |9k - 6goa\l|

38: Crurn < |9k - 9r|

39: Total_Cost <= aCops + BCgoal + Y Ciurn
40: if Total Cost < min_cost then

41: min_cost < Total_Cost, 8* « 6,
42: end if
43: end for

44: return 0%

To facilitate multi-agent coordination, the algorithm incorporates inter-vehicle repulsive forces into the
histogram. When a neighboring agent i is detected within a safety threshold dg.f, a repulsive magnitude
repulse = A - (dsafe — d) is injected into the corresponding angular bin ¢y;,. This ensures that the global
obstacle map accounts for both static environmental features and the dynamic positions of the other three
UGVs in the formation group. The decision-making process involves identifying a set of candidate directions
©, where the local density is below a predefined threshold. The optimal heading 0* is then selected by
minimizing a multi-objective cost function J,

] = acobs + ﬁCgoal + ycturn (29)

where Cops in Eq. (29) penalizes proximity to obstacles, Cy,, minimizes the angular deviation from the target
way-point, and Cy,, promotes kinetic smoothness by penalizing abrupt changes in heading. By dynamically
tuning the weighting coefficients «, f, and y, the DFCOA technique ensures robust formation maintenance
while autonomously negotiating complex, cluttered environments.

4.4 Position Estimation and Movement Control

In the proposed DFCOA framework, maintaining a specified spatial configuration relative to a virtual
leader is critical for ensuring coordinated motion. In Algorithm 2, the pose error computation technique
addresses this by determining the deviation of each follower UGV from its ideal geometric position. Let the
virtual leader’s pose be represented as p, = (x,, yy, 6,) and the desired relative configuration of the agent
is defined by a radial distance d, and an angular offset ¢,. The algorithm computes the agent’s expected or
“true” position assuming perfect adherence to the formation, using the following transformation,

X =x, +d, - cos(pg +0,), Y=y, +d, sin(¢, +0,) (30)
Algorithm 2: Pose error computation relative to virtual leader

1: Input:

2: p, = (xy, ¥y, 0,): Pose of the virtual leader

3:  d,: Target distance from the agent to the virtual leader

4:  ¢,: Target angle between the follower UGV and the virtual leader

5. p, = (%4, Ya> 0a): Current pose of the UGV’s

6: Output:

7: e,: Position error in the x-direction

8: e, Position error in the y-direction

9:  plre = (xirUe, yire): Expected position of the agent assuming no error
10: while virtualleader distanceToGoal > goalRadius do

(Continued)
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Algorithm 2 (continued)

1m: xU' < x, +d, cos(¢p, +6,)
122 Yy« y, +d,-sin(¢p, +6,)

13 ey« xiM—x,

14: e, < Y-y,

15: Ptrue - (xtrue ytrue
: a a > /a
16: return (ex) €y> Ptarue

17: end while

This predicted position represents the agent’s ideal location in a local coordinate frame aligned with the
virtual leader. The current pose of the agent is given by p, = (x4, ya, 8, ) which is then compared to this ideal
location to compute the Cartesian errors,

true true
ex =X, = Xa» € =Ys—Ya (31)

These errors, e, and e, are crucial inputs for feedback controllers to ensure formation maintenance
and convergence over time. Complementing this formation control, Algorithm 3 provides a probabilistic
pose estimation framework that allows each UGV to localize itself within an occupancy map. MCL employs
a particle filter that represents the belief over the robot’s pose as a set of weighted samples. The algorithm
begins by initializing an MCL object with a known map and the agent’s initial pose p, = (x4, ¥4, 64).
The motion model incorporates Gaussian noise to model odometric uncertainty using parameters such as
Orot-rot> Orot-trans> Otrans-trans> Otrans-rot aNd the sensor model uses a likelihood field approach, which compares
LiDAR measurements against the map using configurable parameters such as NumBeams, Measurement-
Noise, and MaxLikelihoodDistance. The likelihood of each particle is evaluated based on the agreement
between expected and actual sensor data. Particle updates are triggered when the robot’s motion exceeds
defined thresholds in translation or rotation, ensuring efficient update frequency. The InitialCovariance
matrix quantifies the uncertainty in the agents starting pose. Furthermore, by configuring resampling
intervals and particle limits, the algorithm strikes a balance between computational cost and estimation
accuracy. Together, these two algorithms—one for relative positioning and one for absolute localization—
form a cohesive navigation and coordination framework that enables distributed multi-agent systems to
operate reliably and autonomously in a shared environment.

Algorithm 3: Setup Monte Carlo Localization (MCL)

1: Input:

2:  M: Occupancy grid map

3: p, = (x,y,0): Initial pose of the agent

4: Output:

5: mcl: A fully configured Monte Carlo Localization object
6:

7: mcl «—monteCarloLocalization ()

8: mcl.UseLidarScan «— true

9: mcl.GlobalLocalization «— false

10: mcl.ParticleLimits < [50, 5000]

11: mcl.ResamplingInterval < 1
12: mcl.InitialPose < p,

(Continued)
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Algorithm 3 (continued)

13: mcl.InitialCovariance < diag(0.05, 0.05, 0.05)
14: sm «— likelihoodFieldSensorModel()
15: Configure sm:
« sm.Map « M
+ sm.SensorLimits < [0, 200]
« sm.NumBeams < 120
¢ sm.MeasurementNoise < 0.25
o sm.MaxLikelihoodDistance « 3.5
« sm.RandomMeasurementWeight < 0.03
o sm.ExpectedMeasurementWeight < 0.97
16: mcl.SensorModel «— sm
17:  mcl.MotionModel.Noise < [0.25, 0.25, 0.2, 0.2]
18: mcl.UpdateThresholds < [0.01, 0.01, 0.1]
19:  release(mcl)
20: return mcl

4.5 Theoretical Integration of Components

The integration of the DFCOA approach plays an important role in maintaining the formation group
of UGVs. The DFCOA framework integrates three theoretical pillars into a cohesive distributed control
system, the virtual leader’s trajectory generation(actual path) by the improvised A* path planning algorithm,
stabilizing the formation group by the Lyapunov Stability analysis, and the obstacle avoidance as a safety
filter, which finds the reactive safety layer from Algorithm 1, measuring the inter-vehicle safety distance.

4.5.1 Virtual Leader as a Reference Generator

The virtual leader provides a stable reference trajectory p, () = [x,(t), y, (), 0, (t)]" generated by the
improved A* algorithm. This trajectory is feasible (obstacle-free) and continuously differentiable, ensuring
the nonlinear formation controller can track it.

4.5.2 Distributed Formation Control via Lyapunov Stability

The formation control law derived in Eqs. (26)-(28) is designed using Lyapunov’s direct method.
By defining the error dynamics in Eqs. (16)-(19) and selecting the control inputs V = %(eﬁ + e}z,) to
satisfy Eq. (24), we ensure that the Lyapunov function candidate has a negative definite derivative:

Vi = exéx +e,€, = —kies — —kzei <0 (32)

This guarantees asymptotic stability of the formation tracking error in the absence of obstacles.

4.5.3 Obstacle Avoidance as a Safety Filter

The improved VFH* with repulsive forces (Algorithm 1) acts as a reactive safety layer. It can be
interpreted as adding a repulsive potential field U,., to the navigation field:

Urep =3+ 2
 Ip;

i*] Ip; - Pj”2

)tobs

~ Povs,k “2

(33)
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The gradient of this field generates corrective velocities that temporarily override the formation control
commands when collisions are imminent, ensuring safety takes precedence over formation accuracy.

The DFCOA framework is fundamentally architected as a distributed system, ensuring each UGV
operates autonomously based on the available information. This is achieved by deploying identical instances
of the core algorithms that comprise the improved VFH* algorithm with repulsive forces (Algorithm 1),
the pose error computation relative to the virtual leader (Algorithm 2), and the Monte Carlo Localization
(Algorithm 3) on each vehicle. Consequently, no central coordinating agent is required in this system. Each
UGV relies solely on its own 2D LiDAR scans for perceiving static obstacles and the positions of neighboring
agents within its sensor range. The only shared information is the state of the virtual leader p,, which
is broadcast to all group members and provides the common global reference necessary for coordinated
motion while they are moving towards the goal. Crucially, the formation control inputs for linear and
angular velocity (vf, ws) are computed locally by each follower using only its own perceived error states
(ex, ey) and the virtual leader’s state, as defined by the control law in Eqs. (26)-(28). This architecture, which
minimizes communication to a single data stream and eliminates dependency on inter-vehicle (UGVs) state
exchange for basic formation keeping, ensures the system’s scalability to larger swarms and provides inherent
robustness against the failure of any single agent or communication link.

5 Results and Discussion

5.1 System Requirements

In this section, numerical simulations are carried out to validate the performance of the proposed
DFCOA for multiple UGVs. Besides, some comparisons with existing formation control schemes are
presented. The proposed DFCOA system utilizes an Intel(R) Core(TM) i5-10400 CPU @ 2.90 GHz with a
Windows 11 operating system. For the simulation platform, MATLAB R2024b with the Robotics toolbox,
Localization and Navigation Toolbox was used, and the code was written in MATLAB scripts.

5.2 Analysis of the Result

The proposed DFCOA was implemented in two experimental scenarios where four UGVs were
connected with a virtual leader and planned their path, avoiding static obstacles using the improved A*
algorithm, avoiding collisions using Algorithm 1, which utilized the improved VFH* Algorithm by repulsive
forces to maintain the group of UGVs after avoiding the obstacle while moving as a group with Algorithms
2 and 3 with their virtual leader on a binary occupancy maps.

5.2.1 Scenario 1

In Scenario 1, the DFCOA is evaluated in a binary map starting from the initial position (7, 6) to the goal
position of (30, 12), where the other experimental parameters such as the desired velocity of UGV’s, look-
ahead distance and the maximum angular velocity along with the control parameters of Scenario 1 are shown
in Table 3. Fig. 11 shows the Output of the proposed DFCO approach in Scenario 1, where the movement of
the UGVs with their virtual leader(VL) avoids the obstacles from the starting position to the goal destination.
In Scenario 1, to make the task complex, it was decided to place the initial position obstacles, considering
that the initial position surrounded by the obstacle will cause disturbance in planning the collision-free
movement with the obstacles and the group of UGVs’s each other. By the proposed DFCOA approach, the
method shows precise accuracy. The VL determines the shortest obstacle-free path from the starting position
towards the goal position, and understanding the VLs path, the group of UGVs/ Agents adjust their positions
and maintain the safety distance with the VL and follower UGVs. The total experimental process of the
scenario took 90 s, and for better explanation, we separate the whole experimental process into four parts,
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and they are, starting (t, = 0-18 s), trajectory (f; = 18-32 s), avoiding obstacles (t, = 60-82 s) and the end
(t3 =85 S).

Table 3: Parameter of the scenario 1.

Parameters Value
Start position (7,7)
Goal position (12, 29)

Map size 35x 35
Desired velocity 0.3
Lookahead distance 0.3
Maximum angular velocity 35
ky 2.8
kz 0.7
d 0.98

[ |

’ -

Path by Improved A*

Obstacles

10 15 20 25 30
X [meters|

Figure 11: MAP of Scenario 1 with the VL and UGVs with the proposed DFCOA approach.

Figs. 12 and 13 illustrate the linear velocity, angular velocity,and the steering angles from the improved
VFH* obstacle and collision avoidance algorithms output exhibited three distinct phases: starting, trajectory
turning, and obstacle avoidance as shown in Fig. 11. During the initial period (¢, = 0-18 s), all vehicles must
understand their virtual leader’s environment. During that period, changes occurred in linear and angular
velocity, as well as the steering angle. In #;, when all the vehicles turn based on the improved A* path planning
algorithm to find the shortest path avoiding the obstacles towards their goal, all the vehicles had changes
in their linear and angular velocities. The formation group involved in the obstacle avoidance at t, time,
where a2, a3, and a4 had to actively take part in collision avoidance, and al was at a safe distance from the
obstacles. We can also observe the same response in their steering angle graph, which indicates the output of
the improved VFH* collision avoidance technique, a3 had to take a large steering angle to avoid the obstacle
and maintain the group. At 3, the group completes the mission with 0.3198 m/s average RMS linear velocity
and 0.0539 rad/s average RMS angular velocity.
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Figure12: Performance of DFCOA in Scenario 1 with linear velocity, angular velocity, and steering angle of each vehicle.
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Figure 13: Individual vehicle control inputs by the DFCOA Approach in Scenario 1.
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We also observed a similar response in the pose error graph in Fig. 14. In the X-Y-Axis pose error
graph, the vehicle’s positional changes are observed due to starting and turning; from the figure, we can
observe the response during the periods of obstacle avoidance (#,). At t,, we can see that the vehicle’s
position changes were linear based on the time period and the obstacle while it was moving. To evaluate the
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performance of the DFCOA in Scenario 1, we considered Eq. (6) for the formation centroid error, Eq. (7) for
the formation stability, Eq. (9) for velocity centroid, Eq. (10) Linear and angular RMS velocity, and the risk
matrices in Eq. (11).
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Figure 14: Pose error estimation by the proposed DFCOA in Scenario 1.

The proposed DFCOA framework was evaluated in Scenario 1, wherein four UGVs navigate from the
starting point to the goal in a cluttered binary occupancy map. Quantitative results demonstrate robust
performance in Fig. 15: the Formation Centroid Error (FCE) exhibits an RMS of 0.9516 m (mean 0.9486
m, max 11365 m) with longitudinal (X) and lateral (Y) components of 0.7880 and 0.5334 m, respectively,
while the Formation Shape Error (FSE) records an RMS of 1.0511 m?, reflecting minimal geometric distortion
during obstacle negotiation. Formation stability is maintained over 95.8% of the trajectory, confirming the
virtual-leader-based control law’s cohesion. Velocity tracking is precise, with a Velocity Centroid Error
RMS of 0.2699 m/s, an average RMS linear velocity of 0.3198 m/s—closely matching the desired 0.3 m/s—
and a low average RMS angular velocity of 0.0539 rad/s, indicating smooth motion. Safety metrics show
an average Collision Risk Metric of 0.7773, peaking transiently at 1.0 during critical avoidance phases,
while the minimum inter-vehicle distance remains above the safety threshold at 0.4702 m, confirming
collision-free operation.

Collectively, these results validate the ability of the DFCOA framework to harmoniously balance
formation accuracy, motion smoothness, and operational safety in a static-obstacle environment in Scenario
1. The observed centroid and shape errors (approximately 1 m) are deemed acceptable considering the
map dimensions (35 x 35) and obstacle density. The high stability ratio (95.8%) and low velocity-tracking
errors underscore the effectiveness of the distributed kinematic control laws. Moreover, the controlled
risk excursions and consistently maintained safety distances demonstrate the proficiency of the repulsive
force-based improved VFH* algorithm in preempting collisions without compromising formation integrity.

5.2.2 Scenario 2

In Scenario 2, the proposed DFCOA Approach was implemented again with four UGVs, where the
UGVs plan their path by the improved A* approach from the starting position (31, 4) to the goal destination
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(20.55, 27) in the binary map with the disturbance in the al vehicle(UGV). The UGV parameters and the
control parameters are shown in the Table 4. Fig. 16 shows the output of the proposed DFCOA approach,
where four UGVs are with a 35 x 30 map with the six obstacles in the scenario. Scenario 2 was designed
to evaluate DFCOA in an open field with sparsely distributed obstacles, allowing for smoother navigation

compared to Scenario 1 with the disturbance in a vehicle, to validate the group formation maintained by
the DFCOA.

Formation Control Performance Metrics in Scenario-1

15 Formation Centroid Error (FCE) 12 Formation Shape Error (FSE) 3 Formation Stability Error (FStE)
1 =N —RMS0.952 25
FCE (total) -—
_ o5k—- - - FCE, E 2
E — — - FCE , 7T~ =
= y ————=~ w w
§ 0f|— - - RMS Phi 2 E -
I - ’ £o.
05f, =7 A 4 1
\\ v )
- RO (S D
1 S~/ 0.5
Stability Threshold
1.5 0.7 0
20 40 60 80 0 20 40 60 80 0 20 40 60 80
Time [s] Time [s] Time [s]
Risk Metrics 5 Velocity Centroid Error 5 RMS Linear Veloci
RMS Vel
= = —Mean
4 4
_ - oy
o
K 3 Es
3 £ >
= &
K] 2, 82
« Overall Risk w °
>
1 1
k RMS=0.270 . Mean=0.320
0 A 0
0 20 40 60 80 0 20 40 60 80 0 20 40 60 80
Time [s] Time [s] Time [s]
12 RMS Angular Veloci 2 Minimum Inter-Vehicle Distance 1 Error Correlation: FCE vs sqrt(FSE)
. “| R=0472 80
2 4 70
B Collision 1
= = - 60
038 15 E‘ ,
£ = = 50
I @ Im
o Q
206 H 2 40
t - £ 09
S04 a ! g . 30
L *° . 20
202 0.8 ® e
< 10
0 A N I 0.5 0.7
0 20 40 60 80 0.5 1
Time [s] Time [s] FCE [m]

Figure 15: Formation control performance metrics of DFCOA in Scenario 1.

Table 4: Experimental parameters of the scenario 2.

Parameters Value
Start position (31, 4)
Goal position (20.55, 27)

Map size 35x 30
Desired velocity 0.3
Look-ahead distance 0.9
Maximum angular velocity L5
k 2.8
kz 0.7

d 0.98
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Figure 16: MAP of Scenario 2 with the VL and UGVs with the proposed DFCOA approach.

The total stimulation steps of Scenario 2 were separated into four parts based on the time period, as
analyzed in Scenario 1, starting (#, = 0-18 s), avoiding obstacles (#; = 18-43 s), trajectory (¢, = 43-60 s) where
the vehicles turn their direction towards the ending point crossing two obstacles, and the end (t; = 60-90 s).
Fig. 16 shows the output of the proposed DFCOA in Scenario 2, where there were 6 static obstacles in the
scenario and the disturbance in the al vehicle.

The robustness and dynamic performance of the proposed DFCOA framework are rigorously evaluated
in Scenario 2, where the system’s response to an exogenous disturbance is analyzed alongside its performance
across four distinct operational phases. As illustrated in Fig. 17 (aggregated velocity and steering profiles)
and Fig. 18 (individual vehicle inputs), a deliberate disturbance applied to Vehicle 1(al) during the formation
starting (#,) elicits pronounced transients in its linear velocity (peak ~ 1.5 m/s), angular velocity (£1.5 rad/s,
and steering angle (~2 rad). Despite this perturbation, four UGV exhibit coordinated, bounded adjustments,
with linear velocities converging to the reference 0.3 m/s within the first 30 s and angular/steering signals
smoothly attenuating, confirming the controller’s disturbance-rejection capability without compromising
formation integrity.
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Figure 17:
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Figure 18: Linear velocity, angular velocity and the steering angle of the vehicles in Scenario 2.

During the subsequent obstacle-avoidance (#;), the improved VFH* algorithm with repulsive forces
enables collision-free navigation while preserving group cohesion, as reflected in moderate, synchronized
variations in velocity and steering across the group. In the trajectory-execution phase(t;), the UGVs perform
a coordinated directional turn between two obstacles, with Fig. 18 revealing well-regulated individual control
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inputs that maintain tight formation geometry. Finally, in the ending (#3), all signals stabilize to steady-
state values, and positional errors converge to minimal levels, demonstrating precise terminal navigation
and recovery, as shown in Fig. 19. The pose error estimation graph in Fig. 19 represents the stability in
positional error estimation, where the error estimation indicates that after time # in the obstacle avoidance
and trajectory in t, the observed the position error in X and Y axis, but after 50 s, erors of all vehicle in both
of the axis were stable, which indicates the vehicles were changing their position towards the goal as a group
with the input disturbance in al vehicle.
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Figure 19: Pose error estimation by the proposed DFCOA in Scenario 2.

The performance of the proposed DFCOA framework in Scenario 2 is comprehensively quantified
through the metrics presented in Fig. 20. The Formation Centroid Error (FCE) exhibits an RMS of 1.0008 m
(mean 1.0002 m, max 1.1340 m), with longitudinal (X-Axis) and lateral (Y-Axis) components of 0.6648 and
0.7481 m, respectively, indicating balanced error distribution during the disturbance and obstacle-avoidance
period (t;). The Formation Shape Error (FSE) records an RMS of 0.6399 m? (mean 0.4094 m?), reflecting
well-preserved formation geometry despite exogenous perturbations. Formation stability is maintained over
94.6% of the trajectory (844 out of 892 time steps), demonstrating the controller’s robustness in sustaining
group cohesion under uncertain conditions. Velocity tracking remains precise, with a Velocity Centroid
Error RMS of 0.1700 m/s, while the average RMS linear velocity (0.3173 m/s) closely matches the desired
0.3 m/s, and the average RMS angular velocity (0.0654 rad/s) confirms smooth rotational adjustments.
Safety metrics further underscore the system’s efficacy, with the average Collision Risk Metric being 0.5143,
with a maximum transient value of 0.6237 during obstacle negotiation. The minimum inter-vehicle distance
(0.8763 m) remains well above the safety threshold, validating collision-free operation throughout the
mission. Collectively, these results affirm the DFCOA framework’s ability to maintain formation accuracy,
motion smoothness, and operational safety even when subjected to deliberate disturbances and complex
obstacle-laden trajectories in Scenario 2 in Fig. 16.
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Figure 20: Formation control performance metrics of DFCOA in Scenario 2.

Table 5 shows the comparative performance metrics of the DFCOA in Scenarios 1 and Scenarios 2.
Scenario 2—which introduced an exogenous disturbance and involved a more complex turning maneuver
between obstacles—demonstrates the formation shape preservation (42% lower FSE) and velocity tracking
precision (37% lower VCE) compared to Scenario 1. Although the centroid error increased marginally,
the lateral (Y) component rose due to disturbance-induced corrections, while longitudinal (X) tracking
improved. The risk metrics are substantially better in Scenario 2, with the average risk dropped by 34%,
peak collision risk decreased by 38%, and the minimum safety distance nearly doubled. This indicates that
the DFCOA framework not only maintains formation cohesion under disturbance but also proactively
enhances safety margins during complex maneuvers. The slight reduction in formation stability (94.6% vs.
95.8%) is a reasonable trade-off given the added dynamic challenge. Overall, the results confirm that the
integrated virtual-leader strategy, improved A* path planning, and repulsive force-based improved VFH*

algorithm together provide robust, adaptive, and safe formation control in both static and dynamically
perturbed environments.

Table 6, as a comparative analysis, highlights the distinctive benefits of the suggested DFCOA frame-
work in comparison with current formation control and obstacle avoidance methods. Earlier research on
UAVs and nonholonomic mobile robots [50,51] had used leader-follower strategies and not integrated
path planning and obstacle avoidance, limiting their use in cluttered environments. Techniques that used
improvised A* path planning [49] enhanced the ability to generate global paths, but based on generic
avoidance, making it very difficult to form stable structures. Hybrid aerial-ground teams used DWA-based
local planning [52], but had problems with scalability, and swarm-based UAV teams provided distributed
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control and limited obstacle-handling [53-55]. In [44], authors found 95.83% in the multiple UGV collabo-
ration in fighter fighting by the tailored neural network with the Deep reinforcement learning(DRL), where
the training and testing took much time comparing other approaches in the Table 6. Ref. [54] enhanced
the APF algorithm in four UAVs with the DSA-AAPF technique, where in a few cases, the formation
stability and the formation centered error were very low while avoiding the obstacles. The proposed DFCOA,
on the other hand, uses a virtual leader-based distributed structure, an improved A* algorithm to make
efficient long-range path planning, and a repulsion augmented VFH* to make efficient local collision and
obstacle avoidance.

Table 5: Comparative performance metrics of the proposed DFCOA in Scenarios 1 and Scenarios 2.

Metric Scenario 1 Scenario 2 Unit Notes

Formation Accuracy

Slightly higher in S2 due

FCE (RMS) 0.9516 1.0008 m )
to disturbance
FCE (Mean) 0.9486 1.0002 m
FCE (Max) 1.1365 1.1340 m
FCE (X-RMS) 0.7880 0.6648 m Longitudinal
FCE (Y-RMYS) 0.5334 0.7481 m Lateral
FSE (RMS) 1.0511 0.6399 m?
FSE (Mean) 1.1047 0.4094 m?
Formflt.lon 95.8% 94.6% - Stable points
Stability
Velocity Performance
VCE (RMS) 0.2699 0.1700 m/s
Li
RMS 1‘near 0.3198 0.3173 m/s Both near desired 0.3 m/s
Velocity
RMS Angular 0.0539 0.0654 rad/s
Velocity
Safety and Risk
Average Risk 0.7773 0.5143 - Normalized [0, 1]
Max Collision Risk 1.0000 0.6237 -
Min Safety 0.4702 0.8763 m

Distance
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Table 6: Characteristics of baselines and our proposed DFCOA method.

hicl 1 Path
References Vehicles Vehicle Formation Type Ob.stac € at .
Type Avoidance Planning
DRL
Multi- Poli
[44] 4 UGv DRL u t.1 stage olicy
curriculum +Neural
Networks
Path planning .
[49] 4 MR VSA based obstacle Imp j::’lsed
avoidance
[50] 3 UAV Leader Follower - -
[51] 4 NMR Finite T1mef Leader ~ _
following
[52] 2 UGV+UAV Collaboration Generic DWA
Distributed

S A* based
[53] 4 UAV Formation warm . ase Swarm A*
obstacle avoidance

optimization
_ Leader

[54] 4 UAV follower+ APF DSA-AAPF APF

[55] 10 UAV Distributed MPC Generic No
Proposed VL based Improved VFH* Improved

P 4 UuGv Distributed with Repulsive P
DFCOA , A*

Formation control force

6 Conclusion

The distributed formation control and obstacle avoidance (DFCOA) framework proposed is intended
to work in multi-UGV systems that have to work within cluttered environments with static obstacles and
inter-agent dynamics. DFCOA efficiently solves the main coordination challenges of a typical decentralized
coordination system, such as formation integrity, path efficiency, and collision-resistant navigation by
combining a virtual leader-based structure and a better A-star path planning algorithm with a repulsive-
force-based improved VFH*-based collision avoidance algorithm. The virtual leader gives a centralized
reference of the trajectory, as well as allowing distributed implementation of the execution to multiple
vehicles to ensure scalability and robustness. The improved A* path planning algorithm also optimizes the
global path planning by refining the cost function with heuristics, which results in less planning time, a
reduced number of expanded nodes, and a lower path length. Simultaneously, the enhanced VFH* strategy
uses 2D LiDAR data and inter-agent repulsive forces to provide safe local group maneuvering in crowded
conditions and maintain group cohesion through joint adjustments in position, linear velocity, and angular
velocity. It must be mentioned that this research confirms the DFCOA framework’s main validity in the
simulation of the kinematics. Based on the experimentation on two scenario the formation stability of
proposed DFCOA approach reached to 95.8% and 94.6% with the RMS centroid of 0.9516 and 1.0008 m,
respectively. The velocity centroid error of 0.2699 and 0.1700 m/s in bot of the scenarios, and linear velocities
closely match the desired 0.3 m/s. Safety metrics showed average collision risks of 0.7773 and 0.5143, with
minimum inter-vehicle distances of 0.4702 and 0.8763 m, confirming collision-free navigation of four UGV's
while moving towards their goal destination.
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Although the results reveal good formation stability and collision avoidance, the real-world effects on
the formation process, including inertia, friction, and communication time delay, are not simulated. This will
be followed by validation in a physics-based simulator (e.g., Gazebo, Isaac sim) and, finally, physical UGV
platforms for future work.
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