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░ ABSTRACT- This paper presents a robust control design method for Differential Drive Mobile Robots (DDMR) to address 

the trajectory tracking problem under conditions of disturbances and uncertainties, specifically focusing on terrain-induced 

variations. The proposed controller utilizes Sliding Mode Control (SMC) to ensure robustness and fast response. To mitigate the 

inherent chattering phenomenon of SMC and enhance tracking accuracy, two disturbance observers are designed and integrated into 

the system: A Nonlinear Disturbance Observer (NDO) and a Neural Network Observer (NNO) using Radial Basis Functions (RBF). 

These observers are tasked with estimating aggregate disturbances, including friction, model uncertainties, and terrain effects, 

thereby effectively compensating the control signal. This approach allows for a reduction in the switching gain of the SMC, resulting 

in improved control quality. Simulation results demonstrate that the SMC-NDO-NNO controller significantly improves control 

performance even in the presence of uncertain disturbances and substantially reduces chattering. 

 

Keywords: Mobile Robot, Nonlinear Disturbance Observer, Sliding Mode Control, Robust Control, Trajectory Tracking. 

 

 

░ 1. INTRODUCTION   
In recent years, mobile robots have become an indispensable 

tool in numerous applications ranging from industry and 

services to space exploration and the military. One of the core 

functional requirements determining robot performance is the 

capability to track a reference trajectory accurately and stably 

[1]. However, achieving this in real-world environments 

presents significant challenges, primarily stemming from 

uncertain components in the dynamic model (mass errors, 

moment of inertia) and external disturbances, particularly when 

the robot operates on uneven terrain. Factors such as friction 

variations, slope gradients, and minor collisions can cause 

significant tracking errors, degrading the performance of 

traditional linear controllers like PID. 

 

Various controllers have been researched for mobile robots, 

including PID, SMC, and SMC combined with NDO; however, 

these controllers exhibit certain limitations: 

 

 

PID Controller: While being the most classic and popular 

method, PID is inherently a linear controller. It faces significant 

difficulties when dealing with the inherent nonlinear 

characteristics of the robot and large disturbances from the 

terrain. Consequently, PID often exhibits large tracking errors 

and lacks the ability to adapt flexibly to changes in the operating 

environment [2]. 
 

Sliding Mode Controller: SMC represents a significant 

advancement over PID due to its superior robustness [3]. 

Theoretically, SMC can ensure system stability even in the 

presence of uncertain disturbances [4] and has been developed 

with various adaptive structures [5]. However, the inherent 

drawback of traditional SMC is the high-frequency chattering 

phenomenon. This oscillating control signal not only wastes 

energy but can also cause wear and damage to the robot's 

actuators over time [6- 8]. 
 

SMC Combined with NDO: To address the chattering 

problem, an effective improvement direction, pioneered by 

Ohnishi et al. [9], is to integrate a Nonlinear Disturbance 

Observer. The NDO is capable of estimating external 

disturbances (such as terrain resistance) and providing this 

information for the controller to actively compensate [10]. In 

this way, the burden on the switching component in SMC is 

alleviated, helping to significantly minimize the chattering 

phenomenon [11, 12]. However, this method still has a 

limitation: the NDO primarily focuses on environmental 

disturbances. Consequently, the system must still rely on the 

high-gain switching component of the SMC to cope with 

internal uncertainties in the robot model, such as inaccurate 
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mass or moment of inertia parameters. This means that 

chattering is not completely eliminated, and accuracy is not yet 

optimal, although this method has been successfully applied to 

various systems such as unmanned aerial vehicles and mobile 

robots [13, 14]. 
 

Recently, to further enhance the robustness of SMC against 

highly complex and unstructured uncertainties, researchers 

have shifted attention towards integrating Neural Networks 

(NN) with disturbance observers NDO [15-17]. Works from 

2022 to 2025 demonstrate that while NDOs are effective at 

estimating matched, slowly varying disturbances, Neural 

Networks excel at universal approximation of highly nonlinear, 

fast-varying, and mismatched uncertainties [15, 16]. However, 

most recent SMC-NN-NNO frameworks have primarily 

focused on robotic manipulators or unmanned aerial vehicles 

[17]. The specific application of a dual-observer structure 

(NDO combined with NNO) to address the coupled effects of 

highly stochastic terrain disturbances and internal parametric 

uncertainties in DDMRs remains underexplored. 
 

In our previous work [14], an SMC-NDO framework was 

successfully developed to mitigate terrain-induced disturbances 

for mobile robots. While effective for compensating slowly 

varying external friction, the SMC-NDO approach exhibited 

critical limitations when facing internal parametric 

uncertainties (e.g., mass variations, unmodeled actuator 

dynamics). Relying solely on the NDO forced the system to still 

depend on the high-gain switching component of the SMC to 

cope with these internal errors, leading to residual high-

frequency chattering and tracking degradation. Recognizing 

these unresolved limitations, this paper proposes a more 

advanced and comprehensive hybrid control architecture: the 

SMC combined with an NDO and an NNO (SMC-NDO-NNO).  
 

This method intelligently divides tasks to achieve maximum 

efficiency. The NDO is responsible for estimating and 

compensating for external disturbances such as friction and 

terrain impacts. The Neural Network Observer focuses on 

identifying and suppressing internal uncertainties of the robot 

model. Thanks to the ability to learn and approximate complex 

nonlinear functions, the neural network can model factors that 

the NDO does not handle well [18], such as inaccurate dynamic 

parameters or high-order nonlinear effects. This approach offers 

superior benefits compared to previous methods: highest 

trajectory tracking accuracy, strong robustness against all types 

of disturbances and uncertainties, and most importantly, the 

near-complete elimination of chattering, helping to protect the 

robot and save energy. 
 

The main contributions of this paper are summarized as follows: 
 

A novel hybrid control architecture is proposed: A robust 

Sliding Mode Controller is integrated with a dual-observer 

structure comprising a Nonlinear Disturbance Observer (and a 

Radial Basis Function Neural Network Observer (RBF-NNO). 

This architecture is specifically designed to address trajectory 

tracking for DDMRs operating on complex, uneven terrains. 
 

Strategic decomposition of disturbance estimation: Unlike 

our previous work [14] which relied on a single observer, this 

study introduces a strict task-division strategy. The NDO is 

utilized to estimate and compensate for slowly varying external 

terrain disturbances, while the adaptive RBF-NNO is dedicated 

to actively learning and identifying fast-varying internal model 

uncertainties. This effectively prevents the NDO from being 

overwhelmed by complex coupled noises. 
 

Superior performance and chattering suppression: The 

proposed method guarantees asymptotic stability through 

Lyapunov analysis. Specifically, the simulation results confirm 

that the SMC-NDO-NNO reduces the trajectory tracking Mean 

Absolute Error (MAE) by approximately 40% compared to the 

SMC-NDO [14] and over 60% compared to the standalone 

SMC. Most importantly, it completely eliminates the high-

frequency chattering phenomenon under parametric 

uncertainty, thereby protecting actuators and reducing energy 

consumption.  
 

To explicitly highlight the methodological advancements and 

quantitative performance improvements of the proposed 

architecture over existing works, a detailed comparison is 

summarized in table 1. 
 

░ Table 1. Methodological and Performance Comparison 

of Control Strategies 
 

Feature Standalone 

SMC 

SMC-NDO  

(Previous 

Work [14]) 

Proposed  

SMC-NDO-

NNO 

Adaptability to 

Parametric 

Uncertainty 

Low (highly 

sensitive, 

strong error 

oscillation) 

Partial (still 

relies on high-

gain SMC 

component)  

High 

(adaptive 

online 

learning via 

NN)  

Chattering Severe  Improved, but 

persists under 

combined 

uncertainties  

Near-

complete 

elimination, 

generating 

smooth 

control 

signals  

Tracking 

Accuracy 

Moderate 

(0.0055 m) 

Good (0.0035 m) Superior 

(0.0021 m) 

Longitudinal 

Error 

Moderate 

(0.0035 m) 

Good (0.0021 m) Superior 

(0.0004 m) 

Computational 

Complexity 

Low Medium Medium-

High 

 

░ 2. MODELING OF DIFFERENTIAL 

DRIVE MOBILE ROBOT 

The kinematic and dynamic models of the differential drive 

mobile robot are established based on the fundamental 

principles detailed in [21, 22]. To design an effective trajectory 

tracking controller, it is a prerequisite to first establish a 

mathematical model characterizing the kinematics and 

http://www.ijeer.forexjournal.co.in/
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dynamics of the mobile robot. In this study, we focus on a 

DDMR with the structure illustrated in figure 1 [18, 19]. 
 

Figure 1. Structure of the differential drive mobile robot (DDMR) 

 
where:(𝑥, 𝑦, 𝜃) denotes the position and orientation of the robot 

within the global coordinate system; (𝜈, 𝜔) represents the linear 

and angular velocities of the robot, respectively; (𝜔𝐿 , 𝜔𝑅) are 

the angular velocities of the left and right wheels, respectively; 

R is the radius of each wheel; 2L is the track width. 

 

To characterize the dynamics of the robot, two coordinate 

systems are defined: The global coordinate and the robot-fixed 

coordinate System: 

 

The global coordinate system{𝑂𝐼 , 𝑋𝐼 , 𝑌𝐼}: This frame is fixed 

at a specific origin within the robot's workspace. It serves to 

determine the absolute position of the robot at any given instant. 

The position of the robot's center is represented by 

coordinates(𝑥, 𝑦) within this frame. 

 

The robot-fixed coordinate system{𝑂𝑅 , 𝑋𝑅 , 𝑌𝑅}: This frame is 

attached to the robot chassis, with its origin𝑂𝑅located at the 

robot's center. Its primary purpose is to describe the relative 

motion of the robot and define its heading. The 𝑋𝑅-axis aligns 

with the robot's forward direction, while the 𝑌𝑅-axis is 

perpendicular to the𝑋𝑅. The angle𝜃represents the robot's 

orientation with respect to the global coordinate system. 

 

2.1. Forward Kinematics 
The forward kinematic model derives the robot's velocity 

vector(𝑥̇, 𝑦̇, 𝜃̇) from the angular velocities of the two wheels 

(𝜔𝐿 , 𝜔𝑅). The linear and angular velocities of the robot are 

calculated as follows [22]: 
 

    𝜈 = 𝑅
𝜔𝑅+𝜔𝐿

2
; 𝜔 = 𝑅

𝜔𝑅−𝜔𝐿

2𝐿
                                       (1) 

      

By projecting these velocities onto the global coordinate 

system, we obtain: 
 

    𝑥̇ = 𝑣 𝑐𝑜𝑠( 𝜃); 𝑦̇ = 𝑣 𝑠𝑖𝑛( 𝜃); 𝜃̇ = 𝜔          (2) 

  

Combining the above equations yields the forward kinematic 

equation in matrix form 
 

     [

𝑥̇
𝑦̇

𝜃̇

] = [
𝑐𝑜𝑠 𝜃 0
𝑠𝑖𝑛 𝜃 0
0 1

] [
𝑣
𝜔
]                         (3) 

      

2.2. Inverse Kinematics 
The inverse kinematic model determines the required angular 

velocities for the two wheels, denoted as(𝜔𝑅𝑑 , 𝜔𝐿𝑑) based on 

the desired linear and angular velocities of the robot(𝜈𝑑 , 𝜔𝑑). 
From the velocity equations, we obtain: 
 

𝜔𝑅𝑑 =
1

𝑅
(𝜈𝑑 + 𝐿𝜔𝑑); 𝜔𝐿𝑑 =

1

𝑅
(𝜈𝑑 − 𝐿𝜔𝑑)        (4) 

 

Equation (4) can be rewritten in matrix form as: 
 

     [
𝜔𝑅𝑑
𝜔𝐿𝑑

] =
1

𝑅
[
1 𝐿
1 −𝐿

] [
𝜈𝑑
𝜔𝑑
]            (5) 

  

The desired velocity values(𝜈𝑑 , 𝜔𝑑) are generated by an outer-

loop kinematic controller based on the position error between 

the robot and the reference trajectory. 
 

2.3. Dynamic modeling 
The dynamic model describes the relationship between the 

input torque and the actual angular velocities of the wheels. The 

dynamic model of the motors can be expressed as follows [22]: 
 

𝐽𝜔̇𝑎𝑐𝑡 + 𝐵𝜔𝑎𝑐𝑡 + 𝜏𝑑 = 𝑢                         (6) 

      

Where: 𝑢 = [𝑢𝑅, 𝑢𝐿]
𝑇is the control torque vector; 𝜔𝑎𝑐𝑡 =

[𝜔𝑅 , 𝜔𝐿]
𝑇is the actual angular velocity vector of the two 

wheels;𝐽is the moment of inertia matrix of the motors and 

wheels;𝐵is the viscous friction coefficient matrix; 𝜏𝑑 is the 

lumped disturbance vector, encompassing nonlinear friction, 

model uncertainties, and effects from uneven terrain. 
 

The terrain disturbances are modeled considering the physical 

variations in rolling resistance and minor slippage. The 

disturbance torque can be physically approximated as 𝜏𝑑 =
𝜇(𝑡)𝑚𝑔𝑅 𝑐𝑜𝑠( 𝜃) + 𝜏𝑢𝑛𝑚𝑜𝑑𝑒𝑙𝑒𝑑 , where𝜇(𝑡) represents the 

varying coefficient of rolling friction depending on the terrain 

type (e.g., flat, rough), and𝜏𝑢𝑛𝑚𝑜𝑑𝑒𝑙𝑒𝑑captures high-

frequency unmodeled dynamics. Since measuring exact 

terramechanics in real-time is impractical, this study bounds 

these effects within a stochastic mathematical function to 

simulate the worst-case varying friction profiles as shown in 

figure 3. 
 

The above equation can be rewritten in state-space form: 
 

𝜔̇𝑎𝑐𝑡 = −𝐽
−1𝐵𝜔𝑎𝑐𝑡 + 𝐽

−1𝑢 − 𝐽−1𝜏𝑑          (7) 

     

Let𝑓(𝜔) = −𝐽−1𝐵𝜔𝑎𝑐𝑡 ,𝑔 = 𝐽
−1,𝑑(𝑡) = −𝐽−1𝜏𝑑be the lumped 

disturbance to be estimated. Consequently, equation (7) takes 

the form: 
 

        𝜔̇𝑎𝑐𝑡 = 𝑓(𝜔) + 𝑔. 𝑢 + 𝑑(𝑡)                         (8) 
      

Y I 

X I 

Y R X R 

O R 

O I 

ω R 

ω L 

L 

2L 

θ x 

y 

ν 

2R 
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░ 3. DESIGN OF SLIDING MODE CONTROLLER AND OBSERVERS 
Figure 2 depicts the heading control structure for the differential drive robot, employing the SMC controller integrated with the 

Nonlinear Disturbance Observer (NDO) and the Neural Network Observer (NNO). This is a cascaded control architecture combined 

with observers to achieve trajectory tracking for the mobile robot. 
 

Trajectory
Desired

Kinematic
Controller

Inverse
Kinematic

SMC
Controller

Mobile
Robot

NDO
Observer

NN
Observer

xd,yd,θd

+ -

ωd

νd  

ωLd

ωRd  
--

uL

uR  

ωL_act

ωR_act  

xact,yact,θact-

ωL_act, ωR_act  

+

+

 
 

Figure 2. Heading control structure for the differential drive robot using SMC with NDO and NNO observers 
 

3.1. Sliding Mode Controller Design 
The objective of the SMC is to control the actual angular 

velocity 𝜔𝑎𝑐𝑡 to track the desired angular velocity 

obtained 𝜔𝑑  from the inverse kinematics. The tracking 

error𝑒(𝑡) with respect to the setpoint is defined as: 
 

              𝑒(𝑡) = 𝜔𝑑(𝑡) − 𝜔𝑎𝑐𝑡(𝑡)          (9) 

      

To simplify the design, the sliding surface is chosen as the 

tracking error itself: 
 

  𝑠(𝑡) = 𝑒(𝑡) = 𝜔𝑑(𝑡) − 𝜔𝑎𝑐𝑡(𝑡)       (10) 

      

When𝑠(𝑡) = 0, it implies𝑒 (𝑡) = 0. In other words, when the 

system operates on the sliding surface, the control deviation 

becomes zero, and the system precisely achieves the desired 

state. The time derivative of the sliding surface is: 
 

𝑠̇ = 𝜔̇𝑑 − 𝜔̇𝑎𝑐𝑡 = 𝜔̇𝑑 − 𝑓(𝜔) − 𝑔. 𝑢 − 𝑑        (11) 

     

The SMC law comprises two components: the equivalent 

control 𝑢𝑒𝑞 and the switching control𝑢𝑠𝑤. The aggregate control 

signal 𝑢𝑆𝑀𝐶  is further compensated by the signal 𝑢𝑥  from the 

observers; thus 
 

𝑢𝑆𝑀𝐶 = (𝑢𝑒𝑞 + 𝑢𝑠𝑤) + 𝑢𝑥          (12) 

     

The equivalent control component𝑢𝑒𝑞is derived by setting (𝑠̇ =

0) and assuming zero disturbance (𝑑 = 0). Equation (11) then 

becomes:  
 

𝜔̇𝑑 − 𝑓(𝜔) − 𝑔. 𝑢𝑒𝑞 = 0          (13) 
 

Solving equation (13) yields: 
 

𝑢𝑒𝑞 = 𝑔
−1(𝜔̇𝑑 − 𝑓(𝜔))          (14) 

 

switching control component𝑢𝑠𝑤is designed to drive the system 

toward the sliding surface despite disturbances or model 

uncertainties. A common control law is: 

𝑢𝑠𝑤 = 𝑔
−1 [
𝑘𝑅 0
0 𝑘𝐿

] . 𝑠𝑔𝑛(𝑠)         (15)         

 

Where(𝑘𝑅, 𝑘𝐿) are the control parameters for the right and left 

wheel motors. 
 

To cancel the effect of environmental disturbances, the 

disturbance compensation signal is designed as: 
 

𝑢𝑥 = 𝑔
−1𝑑̂                                     (16)  

 

Where𝑑̂is the estimated disturbance value from the NDO and 

NNO observers. From eq. (12) -(16), we obtain the overall 

control law: 
 

𝑢𝑆𝑀𝐶 = 𝑔
−1(𝜔̇𝑑 − 𝑓(𝜔) + 𝐾. 𝑠𝑔𝑛(𝑠) − 𝑑̂)      (17) 

  

3.2. Nonlinear Disturbance Observer (NDO) 

Design 
The NDO is designed to estimate the lumped disturbance𝑑(𝑡) 
based on the assumption that the disturbance varies slowly 

relative to the observer dynamics. The estimated 

disturbance𝑑̂𝑁𝐷𝑂is given by: 
 

𝑑̂𝑁𝐷𝑂 = 𝑧 + 𝑝(𝜔)                                    (18) 

      

where𝑧is the internal state vector of the observer, and𝑝(𝜔) is a 

vector function to be designed. The dynamics of𝑧are defined 

as follows: 

𝑧̇ = −𝐿(𝜔)(𝑧 + 𝑝(𝜔) + 𝑓(𝜔) + 𝑔. 𝑢)         (19) 

    

Where𝐿(𝜔) is the observer gain matrix. By selecting𝐿(𝜔) =
𝜕(𝜔)/𝜕𝜔, the dynamics of the estimation error become: 

http://www.ijeer.forexjournal.co.in/
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𝑑̇̃ = −𝐿(𝜔)𝑑̃                (20) 

   

Where(𝑑̃ = 𝑑 − 𝑑̂) is the estimation error. 
 

If 𝐿(𝜔) is a positive definite matrix, the estimation error𝑑̃will 

asymptotically converge to zero. A simple and effective choice 

is to select 𝑝(𝜔) = 𝛤𝜔 as a constant positive diagonal matrix. 

In this case, 𝐿(𝜔) = 𝛤. The implementation of the NDO is as 

follows: 
 

      𝑑̂𝑁𝐷𝑂 = 𝑧 + 𝛤𝜔𝑎𝑐𝑡          (21) 

    

Where: 

       𝑧̇ = −𝛤(𝑑̂𝑁𝐷𝑂 + 𝑓(𝜔𝑎𝑐𝑡) + 𝑔. 𝑢)                     (22) 

      

3.3. Neural Network Observer (NN Observer) 

Design 
In control and system identification problems, Radial Basis 

Function (RBF) Neural Networks [23] are often preferred over 

other architectures like Multi-Layer Perceptron (MLP) due to 

their capability to approximate any continuous nonlinear 

function with arbitrary accuracy [24]. This makes them an ideal 

tool for modeling complex and undefined disturbance 

components of the robot. Additionally, the simple structure and 

fast convergence speed of RBF networks significantly reduce 

computational load, which is a critical factor in real-time control 

applications. 
 

Therefore, based on the solid theoretical foundation of neural 

network function approximation [25, 26], this paper utilizes an 

RBF Neural Network to learn and approximate the nonlinear 

disturbance𝑑(𝑡) without requiring its exact mathematical 

model. The disturbance𝑑is approximated by an RBF network of 

the form [23]: 
 

   𝑑 = 𝑊∗𝑇𝛷(𝑥) + 𝜀         (23) 

     

Where𝑊∗is the optimal weight matrix,𝛷(𝑥) is the vector of 

basis functions,𝑥is the input vector of the network, and (𝑥 =
𝜔𝑎𝑐𝑡) is the approximation error. The estimated disturbance 

value from the NN is: 
 

       𝑑̂𝑁𝑁 = 𝑊̂
𝑇𝛷(𝑥)         (24) 

     

where𝑊̂is the estimated weight matrix. The update law for the 

weight matrix 𝑊̂is derived from Lyapunov stability analysis to 

ensure tracking error convergence. The selected update law is: 
 

        𝑊̇̂ = −𝛾𝛷(𝑥)𝑠𝑇         (25) 
     

where𝛾 > 0is the learning rate matrix (positive definite) and𝑠is 

the sliding surface vector from the SMC controller. This update 

law ensures that the weights are adjusted in a direction that 

minimizes the error on the sliding surface. 
 

The basis function vector 𝛷(𝑥) is a column vector where each 

element is the output of a neuron in the hidden layer.  

 

Typically, the activation function for each RBF neuron is the 

Gaussian function [23], defined as: 
 

𝜙𝑗(𝑥) = 𝑒𝑥𝑝 (−
‖𝑥−𝑐𝑗‖

2

2𝜎𝑗
2 )                       (26) 

      

Where: 𝑥 is the input vector of the network (in this robot control 

problem,𝑥corresponds to the actual angular velocity vector(𝑥 =
𝑥𝑎𝑐𝑡); 𝜙𝑗(𝑥) is the output of the jth neuron; 𝑐𝑗 is the center vector 

of the jth neuron. This is the point in the input space where the 

neuron𝜙𝑗produces its maximum value (equal to 1). These 

centers are chosen to cover the operating workspace of the 

input;𝜎𝑗is the standard deviation (width) of the jth neuron. It 

determines the range of influence of the neuron. If 𝜎𝑗is small, 

the neuron only responds strongly when the input𝑥is very close 

to the center 𝑐𝑗. If𝜎𝑗 is large, the range of influence is broader. 
 

If the network has𝑚neurons in the hidden layer, the basis 

function vector will be a column vector 𝛷(𝑥) formed by 

stacking the outputs of individual neurons: 
 

    𝛷(𝑥) = (

𝜙1(𝑥)
𝜙2(𝑥)
⋮

𝜙𝑚(𝑥)

) =

(

 
 
 
 

𝑒𝑥𝑝 (−
‖𝑥−𝑐1‖

2

2𝜎1
2 )

𝑒𝑥𝑝 (−
‖𝑥−𝑐2‖

2

2𝜎2
2 )

⋮

𝑒𝑥𝑝 (−
‖𝑥−𝑐𝑚‖

2

2𝜎𝑚
2 ))

 
 
 
 

                (27) 

      

In practice, the centers𝑐𝑗and widths𝜎𝑗are usually pre-selected 

and kept fixed during operation. They can be uniformly 

distributed over the robot's workspace or determined using 

clustering algorithms (such as k-means) [27]. The learning 

process of the network focuses on updating the output layer 

weight matrix 𝑊̂to best approximate the disturbance𝑑(𝑡). 
 

3.4. Stability Proof of the SMC-NDO-NN System 
The stability analysis of the system is conducted based on 

Lyapunov theory for nonlinear systems, following the 

methodology presented in [28, 29]. The objective of the proof 

is to demonstrate that the tracking error on the sliding surface 

converges to zero (or a very small neighborhood of zero), 

ensuring that the robot's actual velocity tracks the desired 

velocity [29]. To proceed with the proof, we introduce the 

following assumptions: 
 

The disturbance and its derivative are bounded: that is, there 

exist positive constants 𝐷0, 𝐷1 such that |𝑑(𝑡)| ≤ 𝐷0 and 

|𝑑̇(𝑡)| ≤ 𝐷1 
 

The approximation error of the Neural Network is also 

bounded: there exists a positive constant 𝜖𝑁  such that the 

approximation error 𝜖 = 𝑑 −𝑊∗𝑇𝛷(𝑥). 
 

Choose a Lyapunov function candidate of the form: 

 

𝑉 =
1

2
𝑠𝑇𝑠 +

1

2
tr(𝑊̃𝑇𝛤−1𝑊̃)         (28) 
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Where: 𝑠 = 𝜔𝑑 − 𝜔𝑎𝑐𝑡is the sliding surface vector; 𝑊̃ = 𝑊̂ −
𝑊∗is the error of the Neural Network weight matrix; 𝛤 is a 

positive definite diagonal matrix representing the learning rate. 
 

Taking the time derivative of 𝑉: 
 

     𝑉̇ = 𝑠𝑇𝑠̇ + tr(𝑊̃𝑇𝛤−1𝑊̇̃)                       (29) 
  

Since 𝑊∗is constant, we have 𝑊̇̃ = 𝑊̇̂. Substituting the Neural 

Network update law eq. (25) into the equation, we get: 
 

              𝑉̇ = 𝑠𝑇 𝑠̇ − tr(𝑊̃𝑇𝛷(𝑥)𝑠𝑇)                          (30) 

   

Substituting the control law eq. (17) into the sliding surface 

derivative equation (11), we obtain: 
 

𝑠̇ = −𝐾.sgn(𝑠) − (𝑑 − 𝑑̂)          (31) 

     

Here, 𝑑̂ is the aggregate estimated value from both NDO and 

NNO observers. To simplify, we focus on the disturbance 

compensation capability of the NN, i.e., 𝑑̂ = 𝑑̂𝑁𝑁 = 𝑊̂
𝑇𝛷(𝑥) . 

Thus: 
 

𝑑 − 𝑑̂ = (𝑊∗𝑇𝛷(𝑥) + 𝜖) − 𝑊̂𝑇𝛷(𝑥) = −(𝑊̂ −𝑊∗)𝑇𝛷(𝑥) +
𝜖 = −𝑊̃𝑇𝛷(𝑥) + 𝜖   (32) 

 

Substituting eq. (32) into (31), we obtain the equation for 𝑠̇: 
 

          𝑠̇ = −𝐾.sgn(𝑠) + 𝑊̃𝑇𝛷(𝑥) − 𝜖                       (33) 

    

Substituting the expression of 𝑠̇ into, we have: 
 

𝑉̇ = −𝑠𝑇𝐾sgn(𝑠) + 𝑠𝑇𝑊̃𝑇𝛷(𝑥) − 𝑠𝑇𝜖 − tr(𝑊̃𝑇𝛷(𝑥)𝑠𝑇) (34) 

    

Using the property of the trace operator where 𝑥𝑇𝐴𝑦 =
tr(𝐴𝑦𝑥𝑇) for a scalar. We have: 
 

𝑠𝑇𝑊̃𝑇𝛷(𝑥) = tr(𝑊̃𝑇𝛷(𝑥)𝑠𝑇)  (35) 
   

Consequently, the expression for 𝑉̇ becomes: 
 

𝑉̇ = −𝑠𝑇𝐾sgn(𝑠) − 𝑠𝑇𝜖    

     (36) 

Let  𝐴 = −𝑠𝑇𝐾sgn(𝑠), 𝑠 = [𝑠𝑅 , 𝑠𝐿]
𝑇 ,  𝐾 being diagonal 

matrices, we have: 
 

𝐴 = −(𝑘𝑅𝑠𝑅 𝑠𝑔𝑛( 𝑠𝑅) + 𝑘𝐿𝑠𝐿 𝑠𝑔𝑛( 𝑠𝐿))                       (37) 

    

Since 𝑥. 𝑠𝑔𝑛( 𝑥) = |𝑥|, the expression becomes: 
 

𝐴 = −∑ 𝑘𝑖|𝑠𝑖|𝑖=𝑅,𝐿                          (38) 

      

The second term in formula eq. (36) is a scalar. We utilize the 

basic inequality𝑠𝑇𝜀 ≤ ‖𝑠‖‖𝜀‖. Thus, equation (36) becomes: 
 

𝑉̇ ≤ ∑ 𝑘𝑖|𝑠𝑖| + |𝑠
𝑇𝜖|𝑖=𝑅,𝐿           (39) 

      

 

Let 𝑘𝑚𝑖𝑛  be the minimum value among the gains in(𝑘𝑅, 𝑘𝐿). 
According to the assumption, ‖𝜖‖ ≤ 𝜖𝑁 Therefore: 

           𝑉̇ ≤ −𝑘12𝑁𝑚𝑖𝑛
           (40) 

    

For 𝑉̇ ≤ 0we need: 
 

𝑘12𝑁𝑚𝑖𝑛
                        (41)            

      

This holds true when‖𝑠‖is sufficiently large. To ensure 𝑉̇ is 

always negative definite, we simply need to select the switching 

gain𝐾large enough such that: 
 

𝑘𝑁𝑚𝑖𝑛                        (42) 

      

If this condition is satisfied,𝑉̇will be negative definite outside 

a small neighborhood of𝑠 = 0. This demonstrates that: 
 

The system is stable in the Lyapunov sense. 

All signals in the system are bounded. 

The tracking error 𝒔(𝒕) converges to a small neighborhood 

of 0, referred to as uniformly ultimately bounded stability. 
 

The size of this region depends on the approximation error of 

the Neural Network. By selecting the sliding mode controller 

gain large enough to overcome the upper bound of the 

approximation error, we can guarantee system stability and 

convergence of the tracking error to a very small region around 

the desired point, thereby proving the effectiveness and 

robustness of the designed controller. 

 

░ 4. SIMULATION RESULTS 
4.1. Simulation Setup 
A robot model with the parameters listed in table 2 is utilized. 

The robot is controlled to navigate along a reference trajectory, 

traversing various terrain types, including flat, slightly rough, 

and very rough terrains. These terrains are characterized by 

disturbance signals from the ground acting upon the robot's 

wheels. 
 

░ Table 2. Parameters of the simulated robot 
 

 

Parameter Value Unit 

Robot Mass 15 kg 

Wheel Radius 0.03 m 

Distance between wheels 0.5 m 

Robot Moment of Inertia 0.27 kg.m2 

Wheel Moment of Inertia 0.0075 kg.m2 

To simulate the trajectory tracking process on mixed terrains, 

this study compares the proposed SMC controller integrated 

with the dual NDO-NNO observer against three other 

controllers: a PID controller, a standalone SMC (without 

observers), and an SMC combined with only an NDO (from our 

previous study [14]). The parameters for these controllers are 

provided in table 3. 
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░ Table 3. Parameters of the comparative controllers 
 

Controllers Parameters 

PID 𝐾𝑝 = 5;𝐾𝑖 = 0.1; 𝐾𝑑 = 0.01 

SMC 𝜆 = 25;𝐾 = 12;𝛷 = 0.1 

SMC-NDO 𝜆 = 25;𝐾 = 12;𝛷 = 0.1; 𝐿 = 50 

SMC-

NDO-NN 

𝜆 = 25;𝐾 = 12;𝛷 = 0.1; 𝐿 = 50; 𝑛 = 10; 𝛾
= 50;𝑊𝑛𝑛 = 2 

 

The NNO is designed with 10 neurons in the hidden layer. The 

choice of 10 neurons in the hidden layer was determined 

through heuristic tuning to balance approximation accuracy and 

computational burden. A larger number of neurons increases 

computational complexity exponentially, which hinders real-

time feasibility for mobile robot microcontrollers, whereas 

fewer neurons fail to approximate high-frequency uncertainty 

effectively. Learning rate matrix is set to𝑊𝑛𝑛 = 2and the width 

of the radial basis functions is𝛾 = 50. The training mode for the 

neural network is adaptive online learning, which occurs 

continuously throughout the simulation process. The neural 

network does not undergo a separate offline training phase prior 

to the simulation. Instead, it automatically updates its weights 

at each time step to learn and compensate for system 

uncertainties in real-time. 
 

To bridge the gap between theoretical design and practical 

implementation, actuator saturation was explicitly incorporated 

into the simulation model. In physical DDMR platforms, DC 

motors are constrained by maximum supply voltages. 

Therefore, the control input U generated by (17) is bounded by 

a saturation function before being applied to the robot 

dynamics:𝑈𝑎𝑝𝑝𝑙𝑖𝑒𝑑 = sat(𝑈, 𝑈𝑚𝑎𝑥), where 𝑈𝑚𝑎𝑥 = 24𝑉. This 

ensures that the simulated control signals reflect realistic 

hardware capabilities and constraints. 
 

4.2. Simulation Results 
To evaluate the performance of the SMC-NDO-NNO 

controller, we conducted two simulation scenarios: 

Scenario 1: Assumes that only external disturbances (terrain 

effects) exist, while the plant model parameters remain constant 

(no parametric uncertainty). 

Scenario 2: Introduces internal parametric uncertainties within 

the plant model, combined with terrain disturbances, to assess 

the adaptability of the controllers.  
 

In both simulation scenarios, the robot is controlled to move 

along a straight trajectory with a length of 15m and a velocity 

of𝜈 = 1(𝑚/𝑠). The initial position and orientation of the robot 

are [0, 0.05, 0.05]. Along the trajectory, we generated three 

distinct terrain zones: flat, slightly rough, and very rough. These 

were created by applying a random noise signal to the robot's 

wheels using a stochastic mathematical function. The roughness 

level of the terrain corresponds to the amplitude of this noise 

signal; specifically, [0.1, 5, 100] correspond to flat, slightly 

rough, and very rough environments, respectively. The profile 

of the random terrain noise is illustrated in figure 3. 
 

 
 

Figure 3. Amplitude of disturbance torque acting on robot wheels 

across different terrains in Scenario 1. 
 

Figure 4 depicts the trajectory tracking performance of the 

robot using PID, SMC, SMC-NDO, and SMC-NDO-NNO 

controllers.  
 

 
 

Figure 4. Comparison of trajectory tracking capabilities of 

different controllers in Scenario 1 
 

The simulation results indicate that the PID controller, being 

linear, faces significant challenges in handling the robot's 

nonlinear characteristics and large terrain disturbances, 

resulting in inaccurate tracking. The SMC controller performs 

significantly better than PID, demonstrating its robustness 

against disturbances; however, certain errors and slight 

deviations persist, particularly when traversing rough terrain 

zones. The SMC-NDO controller shows improvement over the 

standalone SMC. Although better, the path does not perfectly 

coincide with the reference trajectory, and tracking errors 

remain. Clearly, the SMC-NDO-NNO controller is the optimal 

performer. The robot's path (black line) nearly perfectly 

overlaps with the reference trajectory throughout the entire 

movement. 
 

The tracking error plot in figure 5 further confirms that the 

SMC-NDO-NNO controller maintains an error line that is 

virtually a straight line at zero. This demonstrates its highly 

accurate noise rejection and error elimination capabilities, even 

under the harshest conditions. 
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Figure 5. Comparison of tracking errors using different controllers 
 

Figure 6 presents the longitudinal error(𝑒𝑥) lateral error(𝑒𝑦), 

and heading error(𝑒𝜃).  
 

 
 

Figure 6. Pose errors of the robot moving on different terrains 
 

The SMC controller exhibits severe heading oscillation in the 

very rough terrain zone (5-10s). In contrast, the SMC-NDO-

NNO controller maintains a stable heading error of nearly zero.  
 

The lateral error (𝑒𝑦) is a direct consequence of the heading 

error. When the robot's heading oscillates, it moves in a zig-zag 

pattern, generating lateral error. This is clearly illustrated by the 

rippled blue line during the 5-10s interval. Conversely, since the 

SMC-NDO-NNO maintains a stable heading (𝑒𝜃 ≈ 0), the 

robot does not drift sideways. Consequently, its lateral error is 

also nearly zero (the black line is straight). Similar to the 

longitudinal error, the SMC-NDO-NNO (black) remains the 

best performer with the flattest and most stable lateral error 

profile. 
 

To ensure statistical confidence and address the stochastic 

nature of the terrain disturbances, a multi-run robustness 

analysis was conducted. The simulation was executed for 50 

independent iterations, with the random seed for terrain noise 

and parametric uncertainty varied in each run. Table 4 presents 

the MAE alongside the Standard Deviation (SD, ). 
 

░ Table 4. Statistical Tracking Performance under Multi-

run Analysis (50 iterations) 

Controllers 
Deviation 

(m) 

  Standard 

Deviation 

() 

ex (m) ey (m) eθ (m) 

PID 0.0187 
 

0.0045 0.0171 0.0020 0.0037 

SMC 0.0052 
 

0.0018 0.0035 0.0036 0.0066 

SMC+NDO 0.0032 
 

0.0009 0.0021 0.0026 0.0046 

SMC-

NDO-NN 
0.0026 

 

0.0002 0.0004 0.0019 0.0036 

The proposed SMC-NDO-NNO not only achieves the lowest 

mean deviation (0.0021 m) but also exhibits an exceptionally 

small standard deviation (=0.0002). This minimal variance 

statistically proves that the dual-observer controller maintains 

highly consistent and robust tracking performance, regardless 

of the unpredictable variations in the simulated operating 

environment.  
 

Figure 7 displays the disturbance estimation values of the NDO 

and the combined NDO+NNO observers. 
 

 
 

Figure 7. Disturbance estimation of NDO and NDO+NNO 

observers 
 

The NDO observer (cyan line) captures only the general trend 

or low-frequency components of the disturbance. In the 

zoomed-in region of the graph, the cyan line fails to track sharp 

peaks and high-frequency oscillations. This is because the NDO 

is designed based on the assumption of slowly varying 

disturbances, rendering it unable to react promptly to complex 

and rapidly changing disturbances. 
 

The NDO-NNO observer (purple line) demonstrates distinct 

superiority. By calculating the MAE index for estimation, 

results indicate that the average estimation error of the NDO-

NNO is 15.9876, which is three times lower than that of the 

standalone NDO (48.3152). The purple line tracks the actual 

black disturbance line almost perfectly. It not only captures the 

general trend but also reconstructs high-frequency oscillatory 

components. This validates the success of the task 

decomposition strategy: while the NDO handles basic 

components, the Neural Network, with its ability to learn and 

approximate complex nonlinear functions, successfully 

identifies high-frequency and uncertain noise components that 

the NDO misses. 
 

Figure 8 illustrates the control voltage signal 𝑈𝑟sent to the right 

wheel motor over time. This signal determines the wheel's 

speed and torque. A smooth and stable control signal is ideal as 

it enhances motor efficiency, saves energy, and reduces 

mechanical wear. Evaluating the control voltage, we observe 

that the SMC-NDO (dashed green line) is more stable than PID 

but is heavily affected by the chattering phenomenon. The 

SMC-NDO-NNO signal (solid black line) remains superior, 

providing a control signal that is both stable and smooth, 

effectively eliminating both large oscillations and chattering. 
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Figure 8. Right wheel control signal in Simulation Scenario 1 

In sliding mode control, the objective is to drive the sliding 

surface value𝜎to 0 as quickly as possible and maintain it there. 

The convergence speed is the rate at which the graph 

of𝜎approaches the zero line. The sliding surface plots for the 

right and left wheels are shown in figure 9. The sliding surface 

of the basic SMC fluctuates significantly around a large 

negative value (approx. -15 in the top graph and -25 in the 

bottom graph). This indicates that the basic SMC cannot 

effectively handle large disturbances, keeping $s$ far from 0, 

leading to large tracking errors. During the initial phase (0-5s), 

the SMC-NDO shows faster sliding surface convergence than 

the SMC-NDO-NNO because, in this first interval, the NNO 

weights are not yet optimized. Consequently, the NNO requires 

a period to collect error data and update weights. During this 

time, the NDO's contribution might be imprecise, potentially 

slowing down the overall system convergence. However, the 

superior advantage of the NNO becomes evident during the 

rough terrain phase (5-10s). At this point, disturbances and 

uncertainties become too complex for the NDO to handle alone. 

In contrast, the NNO, having had time to optimize its 

parameters, successfully approximates complex nonlinear 

functions, helping the system maintain highly accurate stability 

around 0. 

 
 

Figure 9. Comparison of sliding surface convergence speed of SMC, 

SMC-NDO, and SMC-NDO-NNO 

In Simulation Scenario 2, we introduce parametric uncertainty 

into the model to test the Neural Network's capability. To add 

uncertainty, we randomly vary the robot's actual physical 

parameters over time by altering the electromechanical 

resistance coefficient 𝑎𝑎𝑐𝑡𝑢𝑎𝑙. The value represents all factors 

naturally slowing down the motor (both electrical and 

mechanical friction). A larger𝑎𝑎𝑐𝑡𝑢𝑎𝑙implies the motor tends to 

stop faster without control voltage. Terrain disturbances are also 

added alongside uncertainty, as shown in figure 10. 

 
 

Figure 10. Environment and electromechanical resistance coefficient 

in Simulation Scenario 2 
 

The phases are (0-5s) environmental disturbance only; (5-10s) 

uncertainty only; (10-15s) both environmental disturbance and 

uncertainty. The initial position, reference trajectory, and 

velocity remain the same as in Scenario 1. 
 

The graph in figure 11 presents the trajectory tracking error over 

time, comparing the performance of PID, SMC, SMC-NDO, 

and SMC-NDO-NNO. 

 
 

Figure 11. Trajectory deviation over time in Scenario 2 

 

Phase 1 (0-5s): Only environmental disturbance exists. Similar 

to Scenario 1, the SMC-NDO-NNO demonstrates the highest 

accuracy and disturbance rejection. 
 

Phase 2 (5-10s): Only parametric uncertainty exists. This phase 

tests the controller's ability to handle internal model errors. 

SMC (blue) exhibits spiking errors with very large peaks, 

indicating near instability against uncertainty. SMC-NDO 

(cyan) improves upon SMC but still oscillates strongly with 

continuous chattering. This implies the NDO is effective only 

for external disturbances, not internal uncertainties. SMC-

NDO-NNO (black) maintains an extremely low and stable error 

(≈ 4 × 104m). The black line is much smoother, proving the 

Neural Network effectively learned and compensated for 

internal uncertainties. 
 

Phase 3 (10-15s): Both uncertainty and terrain disturbances 

exist, causing difficulties for PID and SMC. SMC-NDO suffers 

from severe chattering, with amplitudes much higher than in 

Phase 2. SMC-NDO-NNO remains the best performer, with 

oscillation amplitudes comparable to Phase 2. 
 

Figure 12 presents the component error plots (longitudinal, 

lateral, heading) for Scenario 2. Under harsh conditions with 

http://www.ijeer.forexjournal.co.in/


                                                     International Journal of 
                     Electrical and Electronics Research (IJEER) 

Open Access | Rapid and quality publishing                                           Research Article | Volume 14, Issue 1| Pages 242-253|e-ISSN: 2347-470X 

 

251 Website: www.ijeer.forexjournal.co.in                                   Design of Sliding Mode Controller Integrated with Nonlinear 

both noise and uncertainty (5-15s), PID, SMC, and SMC-NDO 

reveal distinct weaknesses. PID and SMC show large and 

continuous heading errors, indicating difficulty in maintaining 

direction. Both SMC-NDO and SMC-NDO-NNO maintain 

errors near zero. However, SMC-NDO exhibits higher 

overshoot, especially at the beginning of the characteristic. 

Thus, SMC-NDO-NNO is the most comprehensive and 

effective controller, suppressing errors well across all three 

dimensions: longitudinal, lateral, and heading. 
 

 

Figure 12. Longitudinal, lateral, and heading errors in Scenario 2 
 

Figure 13 illustrates the right wheel control signal in Scenario 

2. Observing the zoomed window, we see the SMC-NDO 

(dashed green) generates a control signal with large amplitude 

oscillations that change continuously and abruptly when 

uncertainty is added, ranging widely from below 8V to nearly 

14V. Although the NDO improved tracking performance, it 

could not eliminate the high-frequency chattering inherent in 

SMC when continuously compensating for combined noise and 

uncertainty. For the SMC-NDO-NNO (solid black), the signal 

exhibits significantly smaller oscillation amplitudes compared 

to SMC-NDO. The signal varies but is smoother and confined 

to a narrower range (approx. 9V to 12V). The oscillation 

frequency is lower, and peaks are less sharp, indicating a more 

gradual and soft voltage change. This is because instead of 

reacting abruptly to errors like traditional SMC, the NNO learns 

and approximates uncertainty components, generating a more 

precise and less oscillatory compensation signal. 
 

 

Figure 13. Right wheel control signal in Simulation Scenario 2 
 

In figure 14, we compare the two disturbance estimation lines 

with the actual disturbance (dashed black). The actual 

disturbance has very large amplitude and high frequency, 

reflecting the complexity of combined rough terrain and 

uncertainty. The SMC-NDO (cyan) is smoother with much 

smaller amplitude, showing that the NDO estimates only the 

average component of the disturbance while missing complex, 

fast-changing components. The SMC-NDO-NNO (pink) is 

capable of accurately reconstructing both the large amplitude 

and high-frequency components of the actual noise. The pink 

line almost closely matches the peaks and valleys of the actual 

black noise line. 

 
 

Figure 14. Disturbance estimation values of NDO and NDO 

combined with NNO 
 

Thus, simulation results demonstrate that the SMC-NDO-NNO 

controller exhibits significantly improved performance 

compared to the other controllers (PID, SMC, SMC-NDO), 

especially in complex environments with noise and uncertainty.  
 

In summary, the comparative simulation across two complex 

scenarios distinctly highlights the behavioral differences among 

the tested controllers. The linear PID controller predictably 

exhibited large errors and no adaptability to nonlinear terrain 

effects. The standalone SMC, while theoretically robust, proved 

unstable under complex parametric uncertainties, suffering 

from strong error oscillations and severe chattering. Introducing 

the NDO (SMC-NDO) improved the handling of external 

terrain disturbances; however, it failed to resolve internal 

parametric uncertainties, allowing chattering to persist. 

Ultimately, the proposed SMC-NDO-NNO architecture 

demonstrated superiority by effectively decoupling the 

disturbance estimation tasks. It provided precise trajectory 

tracking, near-perfect estimation of combined disturbances and 

uncertainties, and successful chattering elimination, thereby 

guaranteeing robust system stability under all tested harsh 

conditions. 
 

While the proposed architecture demonstrates significant 

theoretical and simulated advantages, several practical 

implementation aspects and limitations must be acknowledged. 

First, deploying an online-learning NN alongside an NDO 

requires a microcontroller with sufficient computational 

bandwidth to ensure a high sampling frequency, as 

computational delays can degrade the sliding mode 

performance. Second, in a physical DDMR, sensor noise from 

encoders or IMUs will introduce measurement inaccuracies that 

were idealized in this simulation. Due to current laboratory 

hardware constraints, experimental validation is limited at this 

stage. However, the extended multi-run statistical analysis 

(table 4) incorporating actuator saturation and severe stochastic 

uncertainties serves as a rigorous preliminary validation. 

Developing a physical prototype to test the algorithm against 
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real-world sensor noise and processing latencies is the 

immediate next step in our future work. 

 

░ 5. CONCLUSION 
This paper has successfully presented the design, simulation, 

and evaluation of a hybrid control structure combining Sliding 

Mode Control, Nonlinear Disturbance Observer, and Neural 

Network Observer to address the trajectory tracking problem 

for autonomous differential drive mobile robots in complex 

environments. The core innovation of the proposed method lies 

in the intelligent task decomposition, where the NDO focuses 

on handling external environmental disturbances, while the 

NNO takes charge of identifying and compensating for internal 

parametric uncertainties within the robot model. 
 

Through two comprehensive simulation scenarios, 

encompassing operations on rough terrains and varying model 

parametric uncertainties, the SMC-NDO-NNO controller has 

demonstrated significantly improved performance compared to 

classical controllers such as PID, SMC, and even the improved 

SMC-NDO version. 
 

Regarding accuracy: The proposed controller achieved the 

lowest MAE for trajectory tracking, confirming its capability to 

track the reference trajectory with highly accurate precision 

even under the harshest conditions. 
 

Regarding disturbance and uncertainty rejection 

capability: The success of the controller stems from the near-

perfect lumped disturbance estimation of the combined NDO 

and NNO observer system. The Neural Network demonstrated 

impressive effectiveness in learning and reconstructing high-

frequency noise and uncertain components that the standalone 

NDO could not handle. 
 

Regarding control signal quality: One of the most significant 

achievements is the near-complete elimination of the chattering 

phenomenon. This not only ensures stable system operation but 

also generates a smooth control signal, helping to protect 

actuators, reduce mechanical wear, and save energy. 
 

In conclusion, the simulation results strongly affirm that the 

integration of the Neural Network for identifying internal 

uncertainties represents a breakthrough, thoroughly resolving 

the inherent drawbacks of SMC and NDO controllers. This 

method provides a robust, precise, and reliable control solution, 

opening up wide application potential for mobile robots 

operating in challenging real-world environments. Future 

research directions may focus on validating the controller on a 

physical robot platform to evaluate performance under real-

world operating conditions, as well as investigating 

optimization methods. 
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