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ABSTRACT

This paper proposes a Flower Pollination Algorithm (FPA)-based constrained pole-placement framework
for velocity-tracking control of Differential-Drive Mobile Robots (DDMRs) subject to actuator-voltage
limitations and external disturbances. A fourth-order state-space model is derived from Newton-Euler
principles, including coupled electromechanical dynamics and disturbance inputs. The pole-placement
problem is formulated as a constrained multi-objective optimization task balancing tracking performance,
Cross-Coupling (CC) reduction, and actuator saturation penalties. A reference prefilter is included to
improve nominal steady-state tracking, while closed-loop stability is ensured by restricting the poles to the
open left-half plane. The proposed controller is compared with classical pole placement, Linear Quadratic
Regulator (LQR), and Model Reference Adaptive Control (MRAC). The simulation results show that
although LQR achieves good nominal tracking, it requires 102.9 V, exceeding the 48 V actuator limit,
whereas MRAC exhibits higher tracking errors and severe cross-coupling (CC = 1.94). In contrast, the
proposed method maintains a feasible control effort while achieving satisfactory tracking performance
under external disturbances.

Keywords-constrained pole placement; differential-drive mobile robots; flower pollination algorithm; actuator

saturation; velocity tracking; cross-coupling analysis

I.  INTRODUCTION

Differential-Drive Mobile Robots (DDMRs) are widely
used in autonomous transportation and warehouse logistics
because of their simple structure and high maneuverability [1,
2]. Coordinated DDMR fleets can improve material-handling
efficiency in warehouse environments [3]. However, precise
velocity tracking is challenging due to modeling uncertainties
and physical constraints.

Various control strategies have been investigated for
DDMR tracking and regulation, including neural-network-
based [4], nonlinear [5], and sliding-mode controllers [6].
Classical pole placement ensures nominal stability but lacks a
systematic mechanism for handling constraints in multivariable
systems [7]. Linear Quadratic Regulator (LQR) provides
structured weighting but may be sensitive to model mismatch.

Fuzzy and adaptive controllers have also been investigated to
improve tracking robustness under uncertainties [8, 9].

However, many existing pole-placement and optimal
control designs neglect the 48 V saturation limit of industrial
motor drivers and the coupling between translational and
rotational dynamics [10, 11]. Ignoring such constraints may
lead to physically unrealizable control actions. Although
saturation-aware [12] and anti-windup designs [13] have been
investigated, they often require additional tuning complexity.

To address these limitations, the current study proposes an
FPA-based constrained pole-placement framework in which
pole selection is formulated as a multi-objective optimization
problem balancing tracking performance, Cross-Coupling (CC)
reduction, and actuator saturation penalties under the 48 V limit
[14, 15]. Metaheuristic optimizers, such as GA, PSO, and DE,
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e a multi-objective formulation balancing tracking and
actuator saturation

e an FPA-based constrained pole-selection framework

e a comparative evaluation using Root Mean Square Error
(RMSE), voltage feasibility, and DC-gain CC metrics.

II. SYSTEM MODELING

A. DDMR Dynamics

This subsection derives the differential equations of the
DDMR from the input voltages V,z and V,; to the longitudinal
velocity V and yaw rate w,. The derivation follows the
modeling framework in [16]. The DDMR schematic, including
coordinate systems and disturbances, is shown in Figure 1. The
model assumes that the center of gravity is located at the
geometric midpoint, pure rolling occurs without slipping [1],
and the left and right motors may have different parameters.

Fig. 1. Schematic representation of the DDMR showing wheel angular
velocities, body velocity, yaw motion, and external disturbances.
1) Robot Body Dynamics (Newton-Euler)

Applying Newton’s second law for translation and rotation
about the Center of Gravity leads to dynamic equations based
on rigid-body mechanics:

Fr+F, =mV D

(Fr = FOW = J,00, = Fr— F, = 2, )

2) Kinematic Relations

Under the no-slip condition and gearbox reduction [1, 16]:

_ RwRrwR | RyLwL
2igR 2igr % 2Wigg

— BwrOr _ RwLOL 3)
2WigL

Differentiating with respect to time:

V= RW'R(bR RW'L‘bL ) — RWR'(;UR _ RWL‘(;UL (4)
2igr 2igy, 2Wigr 2Wigy,
3) Motor Dynamics
The DC motor dynamics are:
Lapiar = —Rariar — Kirwg + Vg 5)
Lapiar = —Rapiar — Kypoop + Vg (6)

4) Traction Forces and Coupled Inertia

Substituting (4) into (1, 2) and then into (7, 8) yields the
dynamics in terms of the inertia matrix M:
w C C
Binr R] _|Cr RL 9)

M[ ] [KtRlaR _
Kipiar Briwy Cir

where the inertia and coupling coefficients are:

_ RuR (M | Jz_

Cr=Jr+ i2p (4 + 4W2) (10)
— BwrRwr (M _Jz

Cro = igRigL (4 4W2) (an
_ R (m | Jz_

CL=J+ 2 (4 +4W2) (12)

Cir = Cre (13)

The equivalent inertia terms include an effective wheel
inertia coefficient that represents the inertia distribution of the

lightweight wheel structure and drivetrain in the
electromechanical model.

Inverting M with determinant A = CxC, — CZ, gives:

iaR = kiriar + k2r0g + k3rVar (14)

Wr = Kapigr — kspwr — kepiay + k7rwy (15)

iaL =kiplar + kopwp + k3 Va (16)

Wy, = —Kepiar + k7 wp + Kypla, — ks oy, a7

where the coefficients k; are:
kir = —Rar/Lar. k2r = —Kir/Lags k3g = 1/Lag,
kir = CLKir/A, ksp = CLBmg/A,
ker = CrpKer /A, kg = CrpBini /A

B. State-Space Representation

Equations (14-17) are written in state-space form with x =
[iaR! WR, iaL! wL]T’ u= [VaR! VaL]T’ and y= [V! wz]T:

X =Ax+ Bu,y = Cx (18)

For the nominal symmetric DDMR, the matrices A, B, C are
derived from the parameters outlined in Table I. The system is
controllable and observable for the nominal parameter set.
Since (A - BK) is Hurwitz, the closed-loop system is
asymptotically stable [17]. Under bounded disturbances d, the
closed-loop states remain bounded according to the standard
bounded-input bounded-state stability theory.

For robustness analysis, external force and torque
disturbances are applied to the robot body: Fp + F, + Fp =
mV and (Fg — F,)W + Tp = J,&,. The resulting augmented
state-space model is:

x = Ax + Bu+ B,d (19)
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where d = [Fp, Tp]”, and By is:

0 0
Iy T
Ba=|\y o (20)
PP b
where [;; are the elements of T = M~ G, , and
Ry [1 -1/wW
¢ Tagng |t 1w I
TABLE L PHYSICAL PARAMETERS OF THE DDMR
PLATFORM
Parameter Value
Total mass m 21.0kg
Moment of inertia /. 0.35 kg-m?
Base width 2W 0.4 m
Wheel radius R, 0.075 m
Gear ratio iy 2.0
Gear efficiency 7,4 0.85
Torque constant K, 0.573 Nm/A
Viscous friction coefficient B, 0.011 N-m-s
Armature resistance R, 0.928 Q
Armature inductance L, 0.015H
Equivalent shaft inertia /g 1.8x107 kg- m?
Actuator-voltage limit U4, 48.0V

III. CONTROL PROBLEM FORMULATION

For the controllable system in (18), pole placement assigns
the closed-loop poles of (A — BK) through the state-feedback
law u = —Kx [7].

A. Limitations under Saturation

Although pole placement ensures nominal stability, several
practical limitations remain, including multi-input state-
feedback structures that restrict feasible pole assignments,
classical designs that neglect the 48 V actuator limit, and
inadequate consideration of the CC between velocity channels
[7,10].

B. Constrained Optimization Problem

To address these limitations, the pole-placement task is
formulated as a constrained multi-objective optimization
problem. A reference prefilter is included in the control law
[18]:

u=—-Kx+N,r (21)

where N, ensures unity steady-state gain under nominal
conditions. Candidate pole sets are evaluated using:

J(@) = Wy - Jamse + Wee * Joc + wy, - Sat_Penalty (22)

where Jrvsg represents the tracking error, Joc the CC index,
and the saturation term penalizes the violations of the 48 V
actuator limit:

Sat_Penalty = ¥, max(0, |u;(t)| — 48)2 (23)

The resulting optimization problem is highly nonlinear due
to the dependence of the closed-loop response on the pole
locations and saturation constraints.

IV.  PROPOSED FPA-BASED CONTROL DESIGN

A. Flower Pollination Algorithm

The Flower Pollination Algorithm (FPA) combines global
Lévy-flight exploration with local neighborhood exploitation
for controller optimization [15, 19]. The algorithm models
global and local pollination processes inspired by natural
flower pollination mechanisms.

FPA has been applied to multi-objective optimization
problems with relatively few tunable parameters, mainly the
switch probability p [15]. Applications in drive systems [20]
and engineering optimization problems such as voltage stability
optimization [21] motivate its use for the present constrained
pole-search problem. Candidate solutions are updated through
global and local pollination mechanisms [19]:

Global Pollination: x{** = x! + L(s,A)(g* — xf), where
L(s, A) denotes the Lévy-flight step size.

Local Pollination: x/*' = x{ + e(xf —x}), representing

local solution perturbations.

The Lévy-flight step size is generated using the Mantegna
algorithm, as described in [15]. The resulting constrained pole-
selection procedure with closed-loop simulation and voltage-
penalty evaluation is summarized in the following Algorithm:

Algorithm 1. Constrained FPA pole-selection procedure

e Input: A, B, C, pole bounds [-150, —5], population size N,
maximum iterations Njer, actuator-voltage limit u,,,, = 48
V.

e Output: p*, K* Ny.

e 1. Initialize N flower candidates as pole vectors within
[-150, -5].

e 2. For each candidate p, compute K and N,., simulate the
saturated closed-loop response, and evaluate J(p) using
(22)-(23).

e 3. For k =1, ..., Nier, update candidates by global Lévy-
flight or local pollination, project poles into [-150, -5], and
re-evaluate J(p).

e 4. Penalize any voltage violation beyond u,,,, and update
the global best solution.

e 5.Return p*, K*, and N;.

B. Constrained Pole Optimization

To enforce the 48 V actuator limit, the objective function in
(22) uses w, = 10° to strongly penalize the saturation
violations defined in (23). The pole search is restricted to the
real interval [-150, -5]. Since complex poles may produce
underdamped oscillatory responses [7], only real poles are
considered to promote smoother actuator responses in logistics
platforms.

To account for physical hardware limits, the actual voltage
applied to the motors is directly bounded by the saturation
function, Ugpp ieq = sat(u, £48), preventing excessive voltage
commands.
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C. Reference Prefilter Design

To improve nominal velocity tracking, a reference prefilter
is incorporated into the state-feedback law. Standard state-
feedback controllers may exhibit steady-state tracking errors
for step inputs without integral action or prefilter compensation
[18]. Following standard design principles [7], the prefilter:

N, = —(C(A - BK)"1B)™! (24)

which provides a unity steady-state gain from the reference
command to the nominal output velocities, as illustrated in the
control architecture in Figure 2.

The nominal closed-loop system is asymptotically stable if
all poles satisfy Re(p;) < 0, such that (A — BK) is Hurwitz
[7]. Since the prefilter is implemented as a static gain, it does
not modify the closed-loop eigenvalues.

T + DDMR ¥
> N _’®_’ — Plant -
4 _ (A.B,C,B,)
Prefilter Saturation
(48V) X
(FPA Optimizarion
| ptimization |
| (Offline) |
v
K 7=
Vd

»
Feedback gain

Fig. 2. Block diagram of the proposed constrained pole-placement control
framework with reference prefilter and actuator saturation.

D. Cross-Coupling Reduction Metric

Differential-drive  robots exhibit coupling between
translational and rotational dynamics [16]. Previous studies
using the Relative Gain Array (RGA) identified this interaction
as a challenge for independent channel control [11]. A CC
index based on the steady-state DC gain matrix is therefore
adopted as an optimization objective:

CC= |6, - diag(diag(Gd))Hz @

Here, G, denotes the un-prefiltered closed-loop DC gain
matrix; so, minimizing the CC index reduces the decoupling
burden on the static prefilter N.. Minimizing this DC-gain-
based index reduces steady-state coupling between the linear
and angular dynamics. However, transient coupling may still
occur during abrupt maneuvers. The optimization is performed
over 120 iterations using 40 flowers based on the objective
function in (22).

V. SIMULATION ENVIRONMENT

A. Robot Parameters

The simulations used the nominal symmetric DDMR
parameters in Table I, corresponding to a 21 kg logistics
platform [16].

B. Simulation Setup

Simulations were performed in MATLAB R2025b using a
fixed-step ODE4 solver with a 1 ms step size over 4 s. Multi-
step velocity and yaw-rate reference signals were used to
emulate logistics maneuvers. The simulation and FPA
parameters are summarized in Table II.

TABLE I SIMULATION SETTINGS AND FPA
OPTIMIZATION PARAMETERS
Parameter Value

Simulation step size dt 1 ms
Simulation duration T 4s
Population size n 40
Maximum iterations Nje, 120
Switch probability p 0.8
Pole search interval [-150, -5]
Weights [w,, w..] [1.0,0.8]
Saturation penalty weight w,, 10°

C. Benchmark Controllers

Three benchmark controllers were considered: classical PP
with poles p = [-10,—20,—30,—40] [7]; LQR with Q =
diag(1,1,1,1) and R=0.1 X1, , tuned without actuator
constraints; and MRAC using normalized Lyapunov-based
adaptation with y =y, = 0.5 and reference model poles [-15.0,
-15.1, -15.2, -15.3]. These benchmarks are included for
qualitative comparative evaluation rather than exhaustive
controller optimization.

D. Evaluation Metrics
Performance was evaluated using:

e RMSE for V and w,

e peak control voltage u,.q, = max|u;| over the simulation
e The CC index

o Constraint satisfaction (Upegr < Umax = 48 V).

Robustness tests included +10% parameter variations,
Gaussian noise (¢ = 0.01), a 15 N longitudinal disturbance,
and a 2.5 Nm torque pulse applied during ¢in [1.5, 2.5] s.

VI. RESULTS AND DISCUSSION

A. Optimization Results

The FPA converged to p* = [-95.4,-94.4,-28.3,-145.9]
within 80 iterations. Motivated by the use of alternative
metaheuristics in controller tuning [14], Table III summarizes a
limited five-run comparison of GA, PSO, and FPA under
identical settings. Fitness values are reported as the mean +
standard deviation, whereas the RMSE, peak voltage, and CC
index correspond to the best solution obtained by each
optimizer.

Figure 3 shows that the best fitness stabilizes after
approximately 20 iterations, while the mean fitness gradually
decreases, indicating consistent convergence behavior.
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0367 TABLE IIL. LIMITED COMPARATIVE OPTIMIZATION
- LU —— Best fitness RESULTS OVER FIVE INDEPENDENT RUNS
% 3
< \ —_—— . Best
O AN, Mean fitness Opti- Fitness cost Best RMSE Best peak Best CC
© “\ : RMSE_V voltage .
# 0.341 N mizer (mean = std) (m/s) W, V) index
g \\ (rad/s)
ﬁ . —— e . GA 0.3185+0.0017 | 0.1429 | 0.1491 48.0 0.0308
1\ TtV m i —— i PSO 0.3165 £0.0003 | 0.1481 0.1456 48.0 0.0281
0.32- FPA 0.3246 +£0.0033 | 0.1539 0.1448 47.4 0.0275
0 10 20 30 40 50
Iteration B. Tracking Performance
Fig.3.  Convergence history of the proposed FPA, showing the best and The FPA-based controller achieved a low steady-state error

mean fitness values across optimization iterations.

All three optimizers found feasible pole configurations
satisfying the 48 V constraint. PSO achieved the lowest mean
fitness, whereas FPA obtained the lowest CC index and slightly

in the multi-step reference scenario, as depicted in Figure 4,
with a CC index of 0.0326. The corresponding disturbed-case
tracking and control-voltage responses are presented in Figure

5.

lower

IIL

peak voltage,
coupling/actuator-feasibility trade-off, as illustrated in Table

indicating a

C. Comparative, Robustness, and Control Effort Analysis

The voltage subplots of Figures 4 and 5 show that LQR
exceeds the 48 V actuator limit during aggressive transients,
whereas FPA remains within the admissible voltage range
under nominal and disturbed conditions. As summarized in
Table IV, LQR gives the lowest nominal RMSE but exceeds
100 V, whereas FPA maintains 46.6 V within the 48 V limit
and improves tracking compared with classical PP. Under 15 N
disturbances and sensor noise, FPA maintained RMSE below
0.17.

competitive  Cross-

- Reference V

- Classical PP
LQR

MRAC
Proposed FPA

4.0

. [rad/s]

Voltage [V]

0.0

Fig. 4.

-+ Relerence @.
Classical PP

LQR

MRAC

— Proposed FPA

4.0

- PPV  —== MRACV,  ---- 4 +48 V limit

LQR Vi

25

—== MRAC Va
—— FPA Vg

2.0 3.0 35 4.0

Time [s]

0.5

Nominal velocity-tracking and control-voltage responses with the actuator-voltage limit indicated.
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1.0 4
+ Reference V
=z - Classical PP
f=]
=205 LQR
> MRAC
Proposed FPA
0.0 I
4.0
. 1 + Reference m,
:g - Classical PP
£ LQR
30 MRAC
f Proposed FPA
0.0 0.5 1.0 L5 2.0 2.5 3.0 3.5 4.0
100 | E
Z | ;
%;0 -i = Y A - \ '1 - !
= 0 B == PP Vi —== MRACVa  =---- 148V limit
A R R S P e LQRV.k —— FPA Vi ]
0.0 0.5 1.0 1.5 2.0 25 3.0 3.5 4.0
Fig. 5. Disturbed tracking and control-voltage responses for t € [1.5, 2.5] s with the actuator-voltage limit indicated.
longer-duration tracking, uncertainty tests, and extensions to
TABLEIV. ~ COMPARATIVE PERFORMANCE UNDER complex-pole, damping-ratio-based, nonlinear, or adaptive
NOMINAL AND DISTURBANCE CONDITIONS constrained control formulations.
RMSE
RMSE v| RMSE | Peak cc |RMSEV| DECLARATION OF COMPETING INTERESTS
Controller (m/s) w, voltage Ind (dist.) (i Zt) .
S| (vadss) ) naex | (m/s) (l‘al(si/.s) The authors declare no competing interests.
Classical PP | 0.2437 0.3007 18.9 0.5477 | 0.2783 | 04111
LQR 0.1224 0.1595 102.9 0.0291 | 0.1295 | 0.1743 ACKNOWLEDGMENT
MRAC 0.2496 | 0.4055 18.9 1.9437 | 0.2767 | 04277 Not applicable to this work.
FPA
(proposed) 0.1431 0.1512 46.6 0.0326 | 0.1533 | 0.1667 DATA AVAILABILITY
All data supporting this study are included in the article.
VII. CONCLUSION

This paper presented a Flower Pollination Algorithm
(FPA)-based constrained pole-placement framework for
Differential-Drive Mobile Robot (DDMR) velocity tracking
under actuator-voltage limitations. The proposed design
combines state-feedback pole placement, reference prefiltering,
saturation penalties, and a DC-gain-based Cross-Coupling (CC)
metric to address the gap between the nominal pole-placement
design and the physically feasible actuator operation.

The simulation results show that the proposed controller
provides a practical trade-off between tracking accuracy and
actuator feasibility. Although Linear Quadratic Regulator
(LQR) achieves the lowest nominal Root Mean Square Error
(RMSE), it requires 102.9 V and violates the 48 V limit,
whereas the proposed method maintains 46.6 V under nominal
conditions and acceptable tracking performance under
disturbances. The PSO/GA/FPA comparison further indicates
that FPA remains competitive in the considered constrained
pole-search setting.

This study remains simulation-based and limited to real-
pole placement and selected benchmarks. Future work will
address experimental or hardware-in-the-loop validation,
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