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Abstract. Non-holonomic mobile robots are widely deployed in industrial
and service environments, yet designing controllers for moving-target tracking
under nonholonomic constraints remains a challenging open problem. In this
paper, we present a Mamdani-type fuzzy logic tracking controller specifically
designed for non-holonomic mobile robots pursuing dynamic targets with
arbitrary movement patterns. Although tailored to differential-drive platforms,
the proposed architecture can be extended to other types of mobile robots
and autonomous systems. A key feature of the controller is the explicit
enforcement of a predefined safe distance between the robot and the target,
preventing collision while simultaneously supporting covert or low-detection
tracking applications. A significant advantage of this model-free architecture
is its computational efficiency: the system operates on minimal sensor inputs,
requires no dynamic model of the robot, and can be seamlessly deployed
on low-cost sensing hardware, making it well-suited for energy-constrained
platforms. Lyapunov-based stability analysis is provided for the closed-loop
system, and the methodology is validated through simulation on a differential-
drive robot model across multiple complex scenarios in a virtual environment,
including cases with high measurement noise. The comprehensive simulation
results confirm that the controller achieves robust stability and high tracking
precision, demonstrating its practical acceptability for real-time target tracking
applications.
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2 Model-Free Fuzzy Tracking Control of Non-Holonomic Mobile Robots

1 Introduction

IAutonomous mobile robots have become an integral part of modern life and are widely deployed
in industrial, service, and reconnaissance applications [12]. Among the most active research|
directions in mobile robotics is the control of systems subject to nonholonomic constraints
which remains a challenging problem owing to the inherently nonlinear structure of such syss
tems [2, 18, 25, 37]. Nonholonomic mobile robots—particularly differential-drive platforms—
occupy a prominent position in this landscape due to their mechanical simplicity and broad
industrial relevance [1, 32]. Consequently, a substantial body of work has addressed their mod;
elling, control, and practical deployment [2, 18, 25, 37].

Tracking a moving target introduces an additional layer of complexity beyond conventional
point-to-point navigation. Unlike fixed-destination routing; where the robot can converge to a
static goal via a pre-planned path or a stable control law;in the moving-target problem the desti
nation evolves continuously in time, causing both position error and heading error to vary with
out bound unless actively regulated [8, 15]. The target’s motion is typically more diverse and
dense than in structured trajectory-following tasks, with higher clutter density and unpredictable
heading changes. Tracking a moving ground target using non-holonomic robots has therefore
long been an important topic of interest, with applications spanning cooperative robot iden;
tification [21], military and reconnaissance operations, multi-robot system alignment [6, 19]
companion robots for the elderly and mobility-impaired, trajectory tracking [28, 36], and au;
tonomous target docking [32]. Unmanned ground robots (UGRs) are particularly well suited for
this task: since their speed is comparable to that of typical ground targets—unlike unmanned
aerial robots (UARs)—they can maintain a consistent tracking distance during pursuit, enabling
stealth and covert operation. Human factors studies have further highlighted the importance of]
proper safety-distance management in robot—target interactions [23], reinforcing the need for
explicit distance constraints in controller design.

The problem of mobile robot-navigation and tracking has been studied extensively from|
multiple perspectives [8,.10, 15, 22, 24]. Path-planning approaches typically separate the navi;
gation problem into global planning and local execution phases [10, 15, 17, 38], while reactive
methods attempt to generate control actions directly from sensor measurements without an ex-
plicit map [14, 22, 24]. Some methods rely on full dynamic models and no-slip assumptions
which lead to increased computational complexity and longer controller runtime [7, 26]. Oth;
ers require high-bandwidth sensing modalities such as cameras or laser rangefinders, imposing
additional economic and computational costs on the platform [4, 9, 13, 30].

Among the approaches that avoid explicit dynamic modelling, fuzzy logic controllers have
attracted considerable attention due to their ability to encode human driving intuition into lin

guistic if-then rules without requiring a precise mathematical model of the system [1, 22]. Ben;

lbouabdallah and Zhu [3] employs a fuzzy controller for moving-target tracking in which the
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Particle Swarm Optimisation (PSO) algorithm is used to tune the fuzzy membership functions
improving performance at the expense of a high offline computational cost. Tolossa et al. [29]
similarly propose a fuzzy logic controller with optimally tuned parameters for trajectory track;
ing, demonstrating that systematic tuning can improve accuracy, but noting that the added optiy
misation overhead limits real-time applicability. Vision-based approaches provide rich perceps
tual information but introduce significant computational load and require additional hardware
independent of the robot kinematic model [4, 9, 13, 20]. The literature also reflects considerable
diversity in the types of controllers proposed for mobile robot tracking. These include adaptive
control [7, 20], model predictive control [33], neural network-based methods [6], reinforcement
learning [27], and deep reinforcement learning [9, 11, 34], as,well as hybrid combinations of]
these strategies [35, 38]. Although each approach can be effective, all carry their own trade-offs
in terms of computational load, model dependency, sensor requirements, and generalisability.

In this paper, a fuzzy control-based tracking method.is.proposed and a formal Lyapunov;
based stability proof is provided. Unlike many existing studies, which consider only the pur;
suit of another nonholonomic robot following a structured path, the proposed approach han;
dles arbitrary moving targets whose motion is unconstrained. This generalisation substantially]
increases the method’s applicability to real-world objects such as pedestrians, vehicles, and
rolling objects, which has great practical significance for engineering. A key novelty of thig
work is the explicit incorporation of‘a minimum safety distance constraint to prevent collision
the fuzzy rules are designed so that both the robot-target distance and the line-of-sight bearing
angle converge rapidly and simultaneously to their desired values. Furthermore, the controller
is designed to operate on minimal sensor inputs—only the distance and heading angle to the
target—so as to reduce hardware cost and complexity. This simplicity is especially valuable in|
energy-constrained or resource-limited platforms such as those used in military reconnaissance
or disaster-response scenarios, where structural minimality directly translates to extended oper;
ational endurance [30].
In this paper, we propose a moving-target tracking method using a Mamdani fuzzy con;
troller formulated in polar coordinates, without relaxing the nonholonomic constraint of the
robot. The control laws for linear velocity and angular velocity are adjusted to ensure that both
the robot-target distance and the azimuth angle converge to their ideal tracking values. Simu;
lation results confirm the effectiveness of the approach. The main contributions of this paper

arc:

i. Development of a Mamdani-type fuzzy controller for tracking moving targets with safety

distance enforcement.

ii. Extension of moving-target tracking from nonholonomic robot pursuit to the pursuit of

arbitrary targets with unconstrained motion.

iii._Formal Lyapunov-based stability analysis of the closed-loop tracking system
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iv. Demonstration of controller robustness through multiple simulation scenarios, including

a high-noise measurement case.

The remainder of the paper is arranged as follows. Section 2 presents the problem formulas
tion and robot model. Section 3 describes the fuzzy controller design. Section 4 provides simuj
lation results. Finally, conclusions, limitations, and directions for future work are presented in|

Section 5.

2 Problem Statements

This section formalises the moving-target tracking problem for a nonholonomic mobile robot
Moving-target tracking differs fundamentally from conventionalpoeint-to-point routing. In con
ventional routing, the destination is fixed and the robot can reach it via a pre-planned path or a
stabilising control law [10, 16, 17]. In the tracking problem, however, the destination evolves|
continuously in time, causing both position error and heading error to vary without bound unless
actively regulated. The robot must simultaneously approach the target, maintain a predefined
safe distance to avoid collision, satisfy its own kinematie constraints, and respond appropriately
to sudden changes in the target’s trajectory.

When the target is stationary, it suffices for the robot’s Cartesian coordinates to converge
to the fixed target coordinates (7, yr). For.a moving target, however, both the instantaneous
target position and its direction of motion must be incorporated into the controller at every
time step. This becomes especially important when the robot is nonholonomic. Nonholonomic
robots, such as two-wheeled differential-drive platforms, cannot translate freely in all directions
they have no velocity component along the axis perpendicular to the wheel rotation axis (i.e.
they cannot slidessideways). Consequently, the robot’s configuration in the plane is described
by three state variables (z, y, §), yetmotion can only be commanded through two inputs—linear
velocity V and angular velocity (2. This discrepancy between the dimension of the configuration
space and the number of independent control inputs renders the tracking problem inherently
nonlinear and constrained [5, 32]. From a mathematical standpoint, the resulting constraint
is non-integrable, meaning it cannot be reduced to a holonomic constraint on the coordinates

alone, which substantially increases the complexity of modelling and control [18, 25].

2.1 Kinematic Model of the Mobile Robot

The mobile robot considered in this study is a differential-drive platform. It comprises two

fixed wheels driven by independent motors and a passive omnidirectional caster for balance, as
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Figure 1: Kinematics of the mobile robot.

shown in Figure 1. The angular velocities of the right andeft wheels are denoted Q2 and 2,
respectively, and constitute the only directly controllable variables in this system.
Let [ denote the track width (centre-to-centre distance between the two wheels) and r,, the

wheel radius. The robot’s linear velocity V'(¢) and angular velocity §2(¢) are then given by [5]
T
V()= ?“’(QL(t)JrQR(t)), (1

Q(t) = S4(Qu(t) - (). @

The configuration of the robot at time ¢ is deseribed by the state vector X = [z, y, 0]

whose time evolution satisfies:
X(#) =f(X(), V(t), Qt)). 3

Substituting (1)-(2) into the standard unicycle kinematics yields the following system of]

differential equations [5]:

#(t) = V(t) cos (1),
y(t) = V(1) sin6(), (4
0(t) = Q(t),
which can be written compactly in matrix form as:
& cosf 0
il = |sing 0 , 5
q y sin 0 (
0 0 1

where [z, y]7 € R? are the Cartesian coordinates of the robot in the plane ¥ and 6 is its heading

angle
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Since the robot has no velocity component perpendicular to the wheel axis, the following

constraint holds at all times:
T
[—sinf cosf] || =0. 6
(
Equation (6) is non-integrable and constitutes the nonholonomic constraint of the system.

Remark 1. If multiple robots are present, the index ¢ identifies. each robot, with V; and 6;
denoting its linear velocity and heading angle, respectively. For clarity; this paper considers a
single tracking robot (n = 1).

Remark 2. The proposed controller requires knowledge of the robot’s current configuration|
and the target’s relative distance and bearing. In this study these quantities are assumed to be

provided reliably by an onboard sensor suite through standard data-fusion techniques [21, 30].

2.2 Target Motion Model

The motion of the moving target is‘described by:

Ir(t) = (Tx(t)’ Ty(t)) = (l‘T7 yT)u (7
17 (@) < v,
where 7(t) is the target position, [z7, yr]T € R? are its coordinates in ¥, and vy > 0 is an
upper bound on its speed. The velocity components along the X¢ and Y axes, denoted v, and
vy, are both bounded. It is'assumed throughout that the robot’s maximum speed exceeds that]
of the target, i.e. /g > v, which is a necessary condition for guaranteed tracking.

Figure 2 illustrates the geometric relationship between the robot and the moving target.

As shown in Figure 2, the Euclidean distance between the robot and the target is:

d=+/(z —27)2+ (y — yr)2. (8

Defining d, = x — x7 and d, = y — yr, the absolute bearing angle  from the robot to the

target satisfies:

dy

=tan ! .
B = tan a,

©

Because the signs of d, and d, change as the robot and target move relative to each other.

the four-quadrant atan?2 function is preferred for computing 3 without ambiguity:
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(0]
Figure 2: Tracking a moving target at time .
arctan(g) , x>0,
x
arctan(g) +m, y=20,x <0,
x
arctan(g) -7y <0, z <0,
atan2(y, r) = - x (10
+§a Yy > Oa T = Oa
T
_57 y <0, z=0,
| undefined, y=0, z=0.

Given Figure 2 and knowledge of the robot heading 6, the line-of-sight angle ¢ can be

computed directly in all scenarios and always satisfies ¢ € (—m, 7).
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Figure 3: Mobile robot target tracking control principle scheme.
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3 Fuzzy Controller Design

The overall structure of the control system is shown in Figure 3. This section presents the
design of the main target-seeking controller; low-level wheel-speed regulation and hardware
interfacing are outside its scope. A fuzzy control strategy is adopted for the tracking task. The
central idea of fuzzy control is the encoding of human knowledge and intuition about a process
into a set of linguistic if-then rules, which are then evaluated through membership functions and
a fuzzy inference engine [1, 31]. In contrast to model-based methods|7, 26], fuzzy control does
not require an explicit mathematical model of the system dynamics: it is sufficient to specify
the qualitative relationship between the controller inputs and the desired output. For example
if the target is far away and to the left, the robot should accelerate and simultaneously turn left
Such rules are intuitive and readily implementable as membership functions and rule tables
[22, 31].

We assume that the robot’s maximum linear speed is bounded by Viyax (t) = vg, and that the
angular velocity €2 is generated by a Mamdani-type fuzzy controller. The moving target r(¢) is
assumed to travel with speed bounded by v < vr. The relative position and bearing variables
are taken as measurable via onboard sensors [21, 30]. The control objective is to determine ap-
propriate laws for V' and €2 such thatthe robot converges to and maintains a prescribed tracking
distance from the target.

For the subsequent analysis, two.primary error variables are defined:

* d(t): the Euclidean distance from the robotto the target, and
* (t): the line-of-sight (LOS) angle of the target relative to the robot’s heading direction
These are given explicitly by:

d(t) = |Ir(#) — X (DI,
o(t)y =atan2(r, — Xy, r, — Xz) — 6,

(11

where ¢ € (—m, 7] represents the rotation the robot must execute to face the target directly.

3.1 Error Dynamics

The dynamics of d(¢) and ¢(t) are derived from the kinematic model (4)—(5). Differentiating
d gives:
d=—vcosy+ ip(t), (12

where D7 (t) is the projection of the target velocity onto the robot-target line, satisfying |0 ()| <

vr. The general upper bound on the distance dynamics is therefore:
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d§ —VCosS @ + vr. (13

To derive ¢, let A, = r, — X, and A, = ry, — X,,. Differentiating (11) with respect
to time using the chain rule for atan2, and substituting 6 = Q from (4) together with A, =

v cos O — Vg cos 6 and the analogous expression for Ay, yields:
Ay (vrsinfr — vgsind) — Ay(vr cos O — vgcos )

D = — Q. 14
4 AZ + A2 (

From Figure 2, A, = dcos 3 and A, = dsin 3. Substituting into(14):

. dcos B(vpsinfy — v sin®) — dsin f(vr cos O — Vg cosd)

p= 7 — Q. (15

Applying the identity cos /3 sin #—sin 3 cos § = sin(6—f3) and the geometric relation +p—fF =
7 (see Figure 2), equation (15) simplifies to:

gb:gsingo—(H—QT(t), (16

where Qp(t) captures the effect of the target’s lateral motion on the LOS angle and satisfies
|Q7(t)| < vr/d. This term acts as a bounded disturbance that the controller must reject.

Collecting (12) and (16), and defining the error state (e1, e2) = (d, ), the full error dynam;
ics for d > 0 are:

er=d=|r—X|=/(z7 — )2+ (yr — v)?,

es = ¢ = atan2((yr — y), (zr — x)) — 0,

(17

é1=d= —vpRcosp + vp(t),
. , VR . (18
€2 = P =K+ FRsmcpqLQT(t),

where |7 (t)| < vpland |Qp()] <wvr/d.

3.2 Stability Analysis

Lemma 1 (Continuity of Mamdani fuzzy controller mapping, [31]). Consider a Mamdani fuzzy
controller with n inputs and one output satisfying the following conditions:

1. The membership functions of all inputs and outputs, for every rule ¢ and input j, are

continuous and bounded.

2. The fuzzy AND operator is of the min or product type.

3. Fuzzy inference is of the Mamdani type (max-min or max-product)
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4. Rule outputs are aggregated using the max operator.

5. Defuzzification is performed by the centroid method, with the denominator of the cen;

troid integral non-zero for all z € 2 C R™.

Then the controller mapping u = F'(x) : 2 C R™ — R is continuous with respect to the input
variables.

By Lemma 1, the output of the fuzzy controller {2z is a continuous function of the inputs

d, ¢), and can therefore be written as:
Qp = —k(d, 0) ¢, (19
for some positive continuous gain function k(d, ¢) > 0.

Theorem 1. Consider the mobile robot tracking system (17)—(18): Suppose the fuzzy control
law (19) is applied as the angular velocity input. If vr > v, the closed-loop system is asymp-

totically stable and the tracking errors converge to zero:

lim d(t) =0, lim ¢(t) = 0.

t—00 t—00
\Proof. Consider the Lyapunov function candidate:
Vidyg) = 30>+ Ad,  A>0.
Its time derivative along trajectories of (18) is. V. < ¢¢ + M. Substituting (18) and (19):
. VR . 2 ~
V= —psing — k(d, p)p? + ©Qr — Avg cos p + ADp.

For |¢| < /2, the following bounds hold:

2
. vr ~
cosp>1-— %—, psingp < @2, |pQp| < UM’ IADop| < Avp.

Applying these inequalities yields:

V<<VR_k L Avr

2 YTy _
! 72) ¢+ lel = Avm - ).

Choosing ) and ky;, sufficiently large so that the coefficient of 2 is negative and \(vr — vt

dominates the linear term in ||, we obtain:
V< —cap?—c, c,e>0.

Since V is not globally negative definite (it does not depend on d alone), we invoke LaSalle’s
Invariance Principle. The largest invariant set contained in {V = 0} is {(d, ¢) = (0,0)}, and

hence the system is asymptotically stable 1 [
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Remark 3. It can be shown more generally that if the Mamdani fuzzy controller approximates
the reference law 2* = —k¢p with a uniformly bounded error € > 0, and if vg > v, then d(t
and ¢(t) remain bounded and converge to an O(e€)-neighbourhood of zero [31]. The following

practical guidelines follow directly from this result.
Practical Considerations:

* Increasing the number of fuzzy rules and refining the membership function design re-

duces the approximation error € and improves steady-state tracking accuracy.

» A larger gain k accelerates convergence but may introduce oscillations; a trade-off be;

tween speed and smoothness must be maintained.

* The condition v > vr is necessary for guaranteed tracking; if the target’s speed exceeds
the robot’s maximum speed, the controller cannot prevent the target from escaping.

* In hardware implementation, actuator saturation limits andimotor torque constraints must

be incorporated into the control allocation stage.

3.3 Fuzzy Controller Details

The target-seeking module is implemented as a two-input, single-output Mamdani fuzzy system
The first input is the Euclidean distance d from the robot’s centre to the moving target, and the
second input is the LOS angle ¢ between the target direction and the robot’s current heading
The single output is a steering correction angle Af, commanding the robot to rotate relative to

its current heading. The overall architecture is illustrated in Figures 4-6.

PN .

Input 1 Fuzzy Inference a
; : ; ; (Mamdani)
Output
Input 2

Figure 4: Internal structure of the fuzzy system.

Membership functions play a central role in determining the controller’s behaviour at the

boundaries between linguistic regions [1, 31]. For the distance input d, three membership func;

tions are defined over the range [0, 20| m:
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Figure 5: Membership functions of the fuzzy system inputs; distance to target (top) and LOS angle relative to the
robot heading (bottom).
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[Figure 6: Output membership functions of the fuzzy system for steering angle correction (range: —45° to +45°).
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* near: active when d is below the prescribed safe distance, prompting the robot to decel;

erate or maintain separation;
» middle: active when d is close to the desired tracking distance;

* far: active when d is large, commanding the robot to approach the target rapidly.

For the angle input ¢, a finer partition of the range [—180°, +180°] into seven linguistic regions|
is used: right-back (#b), right (r), right-front (#f), front (f'), left-front (/f), left (/), and left-back
(Ib). A finer angular partition is warranted because the required corrective action is highly
sensitive to the target’s angular position relative to the robot: a target slightly to the left-front
requires only a gentle turn, whereas a target to the left-back demands a sharprotation. For the
output Af, five membership functions spanning [—45°, +45°] are employed: very-right (vr)
right (r), straight (z), left (/), and very-left (v/). This range is sufficient for effective steering
while preventing excessively sharp or destabilising commands.

With three distance sets and seven angle sets, a total of 3 x 7 = 21 rules are required. The
rules are formulated by analogy with human driving behaviour and refined during simulation
Due to left-right symmetry, Table 1 lists only the rules for the front and right half-plane; the
corresponding left-side rules are obtained by reflection.

Table 1: Representative rules of the proposed fuzzy controller (right and front quadrants; left-side rules follow by,
symmetry).

Distance Target angle (LOS), Steering output

near rb vr
near r vr
near rf r
near f zZ
middle rb vr
middle r r
middle rf r
middle f zZ
far rb vr
far T r
far rf z
far f z

Because the controller inputs are the robot-target distance and bearing—quantities that are
sensor-agnostic and independent of sensor placement—the proposed method is transferable to
any robotic platform capable of providing these measurements, whether through ultrasonic rang;

ing, laser scanners, GPS differencing, or vision-based estimation [4, 30]. Furthermore, since

the fuzzy system is model-free, it is inherently robust to wheel slip, parameter variations, an
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unmodelled dynamics: any resulting tracking error is corrected within one or a small number]
of control cycles [3, 29]. The primary practical challenge is the accurate real-time estimation|
of d and ¢; in accuracy-critical applications this can be addressed by fusing multiple sensing
modalities [21, 30].

4 Simulation and Results

To evaluate the performance of the proposed fuzzy tracking controller, simulations were cony
ducted in MATLAB/Simulink across three scenarios involving stationary and moving targets
with distinct motion patterns. Controller performance was refined by iteratively adjusting mem
bership function parameters and rule weights during the design phase. Throughout the simuj
lations, the robot’s configuration and the robot-target distance and bearing are assumed to be
computed without error, isolating the evaluation to the/controller itself; the effect of measure
ment noise is addressed separately in Scenario 3.

The discrete-time kinematic equations of the mobile robot, obtained by applying the Euler

forward method to (4) with a uniform sampling period 7', are:

z(k+1) x(k) V(k)cosO(kT)-T
y(k+1) =ylk)| + | V(k)sin0(kT) - T
O(k+1) 0(k) Qk)-T

, (20

where V' (k) and Q(k) are the linear and angular velocities at time step k, respectively. The
virtual environment is obstacle-free. Wheel velocities Q7 (k) and Qg(k) are recovered from
V (k) and (k) via (1)—~(2), using 7y = 10 cm and [ = 80 cm.

Scenario 1: Circular Target Path

The moving target follows a circular path, enabling direct comparison with the results of Ben;
bouabdallah and Zhu [3], Cui et al. [7] and Petrovi¢ et al. [26]. Simulation results for several
distinct starting configurations are shown in Figures 7-10.

As shown in Figure 7, when the robot starts far from the target it initially moves at maxis
mum speed to close the distance. As the robot-target separation approaches the prescribed safe
distance, the controller reduces speed, locks onto the target orbit, and maintains the separation|
with minimal steady-state error. The time histories in Figure 8 confirm that the distance er

ror e converges to zero rapidly under the proposed control law, with smooth velocity profiles

throughout
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IFigure 7: Scenario 1: robot and target trajectories when the robot starts far from the target. The robot converges
rapidly to the tracking orbit and maintains the prescribed safedistance thereafter.

Figures 9 and 10 demonstrate that the controller’s convergence behaviour is independent
of the robot’s initial distance and heading relative to the target: successful tracking is achieved
from every tested starting configuration. Compared with the methods of [3], [7] and [26], which
simulate qualitatively similar circular pursuit scenarios, the proposed controller achieves com;
parable or superior tracking accuracy while requiring a strictly simpler sensor setup and lower]
computational load (see Table 2).

Scenario 2: Target with Sudden Heading Changes

The target follows a path that violates the nonholonomic constraint, incorporating abrupt head;
ing changes; this scenario mirrors the evaluation in Petrovi¢ et al. [26]. Simulation results are

shown in Figure 11.

Sharp turns in the target path produce transient tracking errors, as expected given the nons
holonomic constraints of the robot. However, the fuzzy controller detects the angular deviation|
rapidly and issues corrective steering commands that restore accurate tracking within a small

number of sampling periods. No persistent steady-state error is observed following each head;

ing change
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[Figure 8: Scenario 1 time histories: (top) robot and target positions; (middle) position error e; = d; (bottom
linear velocity V (k) and angular velocity Q(k).




Ramezanifard et al.

17

1000

800 -

600 -

400 -

200 -

o

y (Cm)

-200 -
-400 -
-600 -
-800 -

-1000
-500

1000

¥ (Cm)

-1000

Figure 10:

3000
2500
2000
1500

1000

y(Cm)

500

-500
-1000

1500
o 500 1000

Robot and Target Trajectories

0 500 1000
X (Cm)

500 1000 1500
x(Cm)

Scenario 1:

1500 2000 2500 3000 3500
x(Cm)

y(Cm)

1000
a0
600
400

200

20
00}
500

a0

-1000
500

3000
2500
2000
1500
1000

500

-500

-1000

1500
)

1500

500

1000

1500

500
x (Cm)

2000

y (Cm)

1000

2500

-1000
-500

1000

800 -

600 -

400 -

200 -

o

-200 -

400 -

-600 -

-800 -

3000

Figure 9: Scenario 1: robot and target trajectories for two additional starting configurations (circular path).
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Scenario 3: Spiral Target Path and Noise Robustness

The target follows an expanding spiral path, analogous to the trajectory considered by Asif et al
[2]. This scenario also serves as a robustness test: since real sensor measurements are contam
inated by noise whose magnitude typically scales with distance [30], the controller inputs (d
and ) were corrupted with distance-dependent additive noise of progressively increasing amy
plitude. Trajectory results for two starting points (clean measurements) are shown in Figure 12
The noisy input signals and the resulting trajectory under high-amplitude noise (==50% of the
true value) are presented in Figures 13 and 14, respectively.

1500
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-1000 -

1500

1000 -

-1000 -

-1500 -1500
-500 -500

0 500 1000 1500 2000 2500 0 500 1000 1500 2000 2500

Figure 12: Scenario 3: robot and target trajectories on the spiral path from two different starting points (clean

measurements).

Under low-to-moderate noise levels the tracking behaviour was visually indistinguishable
from the clean-measurement case. At the elevated noise amplitude shown in Figures 13 and 14
the robot maintains the prescribed safe tracking distance and achieves acceptable error levels
but the trajectory exhibits visible oscillations as the controller continuously compensates for the
corrupted bearinginput. This result confirms the robustness of the model-free fuzzy architecture
to sensor noise, while also highlighting that highly accurate distance and angle estimation—
achievable through sensor fusion/[21, 30]—is the principal prerequisite for smooth operation|

in practice.

Comparative Evaluation

A qualitative comparison of the proposed controller against the benchmark methods is sum;
marised in Table 2. The proposed method achieves good tracking accuracy with low com;

putational load, model-free operation, and demonstrated robustness to sudden target heading

changes—combining advantages that no single benchmark method offers simultaneously.
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[Figure 13: Scenario 3 (noisy case): (top) true and noise-contaminated robot-target distance; (bottom) true and
noise-contaminated LOS angle.

Table 2: Qualitative comparison of the proposed method with existing approaches.

Ref. Control Method Comp. Load Virtual Env. Controller Type Sudden Change Opt. Routing Tracking Acc.
[26] Fuzzy & PD Low Obstacle-free Model-free Supported No Medium

[2] Feedforward & Feedback Kinematic = Medium Obstacle-free Model-free Not tested No Medium

[3] PSO-Tuned Fuzzy High Obstacle-free Model-based Not tested Yes Good

[71 Adaptive (UKF-based) High Single fixed obstacle Model-free Not tested No Medium

Proposed Mamdani Fuzzy Low Obstacle-free Model-free Supported No Good
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[Figure 14: Scenario 3 (noisy case): robot trajectory under distance-dependent noise with amplitude approximately
50% of the true measurement.

5 Conclusion

This paper presented a model-free Mamdani-type fuzzy logic controller for moving-target track;
ing with safety distance enforcement on a non-helonomic differential-drive mobile robot. The
controller takes only the robot-target distance and line-of-sight angle as inputs, requires no dy;
namic model of the robot, and generates angular velocity commands through a compact set of
linguistically interpretable if-then rules. A formal Lyapunov-based stability proof was provided
establishing that the closed-loop system is asymptotically stable whenever the robot’s maxij
mum speed exceeds that/of the target. Simulation results across multiple scenarios—including
circular paths; spiral paths, paths with sudden heading changes, and high-amplitude measures
ment noise—confirm that the controller achieves accurate and smooth tracking behaviour with
minimal error. Unlike many existing approaches [7, 26], which restrict the target to follow an;
other nonholonomic robot on‘a structured path, the proposed method imposes no constraints
on the target’s motion, extending applicability to pedestrians, vehicles, and other real-world ob-
jects. Compared to optimisation-based fuzzy methods [3, 29] and vision-dependent or model;
based controllers [6, 9, 13, 20], the proposed architecture offers a favourable balance between
tracking accuracy, computational simplicity, and sensor cost, making it well suited for energy

constrained and resource-limited platforms [30].

imitations
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* The controller’s performance is sensitive to the quality of membership function design
Poorly chosen intervals or insufficient overlap between fuzzy sets degrades tracking acs

curacy, and no systematic or learning-based tuning procedure is currently employed [29]

* The method assumes obstacle-free environments. In cluttered or dynamic settings, a

dedicated obstacle-avoidance layer must be integrated before deployment [15, 17, 22, 38]

* Tracking is not guaranteed when the target’s speed exceeds the robot’s maximum linear]
velocity, as established by the stability condition vr > vr.

» The paper assumes perfect knowledge of the robot’s position and of the robot-target dis;
tance and angle. In practice, these quantities are subject'to estimation errors arising from|
sensor noise, calibration drift, and occlusion [30]. The impact of state estimation uncer;

tainty on closed-loop performance requires further analysis.

* Only a single output (angular velocity) is generated by the fuzzy system; linear velocity
is governed by a simple hand-crafted distance rule rather than a fuzzy law, which limits

the richness of the controller’s behaviour.

* The proposed system has been validated in simulation only. Real hardware introduces
unmodelled effects—wheel slip, actuator saturation, motor torque limits, and communij

cation latency—that are not/captured in the current evaluation [7].

Future Work

» Obstacle avoidance integration. Extending the controller to dynamic environments cons
taining static and moving obstacles is the most immediate priority. Reactive fuzzy
obstacle-avoidance layers [22, 17, 38].or behaviour-based architectures [ 14] provide nat;

ural candidates for integration with the present target-seeking module.

* Fuzzy velocity control. Adding a second fuzzy output for linear velocity would enable the
robot to modulate its speed based on both distance and angle, yielding richer and more
energy-efficient behaviour.. The resulting increase in rule-base size must be balanced
against the computational budget of the target platform.

» Systematic membership function tuning. Replacing hand-tuned membership functions
with a systematic optimisation procedure—such as PSO [3], genetic algorithms, or
gradient-based learning—would improve generalisation across scenarios and reduce the
dependency on expert knowledge [29].

* Multi-robot cooperative tracking. Extending the framework to teams of robots perform

ing_cooperative target tracking or formation-based pursuit [6, 19, 21] represents a pracs
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Declarations

tically significant direction, particularly for surveillance and search-and-rescue applica

tions.

* State estimation under noisy sensing. Integrating an onboard state estimator—such as
an Extended Kalman Filter or an Unscented Kalman Filter [7]—to provide robust dis+
tance and angle estimates from low-cost sensors [30] would bring the system significantly
closer to practical deployment.

* Hardware validation. Experimental validation on a physical‘differential-drive platform
such as a TurtleBot or Pioneer 3-DX is essential to characterise the effects of wheel slip
actuator saturation, and real-world sensor noise on the controller’s/closed-loop perfor;
mance [2, 26].
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