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Abstract 

An immense body of research has focused on path-planning and following of wheeled 

robots in unstructured surfaces. Nonholonomic robots traveling over deformable terrains 

together with complex operating conditions, however, pose further challenges in terms 

of a higher demand for robustness and optimality. In this paper, a Chaos-enhanced 

Accelerated Particle Swarm Optimization (CAPSO) algorithm is employed for planning 

an optimal path of a wheeled robot, so as to ensure shortest path from the starting point 

to the target location together with safety through guaranteed avoidance of collisions 

with static and dynamic obstacles. The fundamental terramechanics concepts are 

employed to derive essential forces and moments acting on the wheeled robot. 

Subsequently, a kineto-dynamic model of the robot is developed for designing a novel 

robust control algorithm based on an exponential-integral-sliding mode (EISMC) scheme 

and a RBF-NN approximator. The results revealed that the proposed algorithm is 

responsive and robust to withstand adverse effects of structured and unstructured 

uncertainties by using the designed adaptation law according to the Lyapunov stability 

theorem. The effectiveness of the proposed algorithm is also validated against several 

reported frameworks. 

Keywords: Terramechancis; Path-planning; PSO; Terrain; Artificial Intelligence 
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1. Introduction 

Deployment of multi-task wheeled robots is becoming more prevalent in situations 

considered potentially hazardous for human (Cui, Huang, Liu, Liu, & Sun, 2014). There 

is also an explosion of applications for wheeled robots in commercial, extraterrestrial, and 

agricultural fields and also for other purposes such as policing and surveillance, service, 

mailing, and infrastructure inspections (Iagnemma, Kang, Shibly, & Dubowsky, 2004; 

Sgorbissa, 2019). The potential benefits and associated significant challenges observed 

across these multifaceted operations will collectively underscore the demand for detailed 

investigations and assessments of reliability, performance and resilience of autonomous 

robots. Among the many tasks assumed for the autonomous wheeled robots, path-

planning is regarded as a joint task, particularly if the robots are operating in a 

decentralized fashion and are not merely following a leading robot. 

Although the omnidirectional robots introduce enhanced maneuverability with 

uncoupled modes of motion in the yaw-plane, the promotion of inherent instability due 

to lack of non-holonomic constraints serves as a major bottleneck for their mass 

deployments. The path-planning for non-holonomic robots thus imposes an additional 

challenge related to existence of additional motion constraints. Path-planning is mostly 

performed according to the shortest start-to-end trajectory, and in many cases, a 

collisionless journey is additionally explored. Regardless of the robot constraints and the 

intended outcomes, the surface property constitutes additional challenges. For instance, 

traveling on a deformable terrain would necessitate an additional torque to overcome 

wheel-sinkage and soil mechanical resistance against free rotation. Structured and 

unstructured uncertainties such as the dynamic obstacles and cluttered environments can 

even further detriment the design of an optimal robust path to reach desired target 

location. Robust and optimal path planning and following of a mobile robot in a complex 

environment can be realized by equipping the robot with a self-tuning logic based on 

artificial intelligence (AI). Intelligent navigation schemes have thus gained a remarkable 

application in both path-planning and path-following of mobile robots on deformable 

terrains (Iagnemma et al., 2004; Rohmer, Reina, & Yoshida, 2010). 

The optimal path-planning problem in the indoor environment has been adequately 

addressed using metaheuristics and optimization techniques. For instance, path-

planning problem was explored for a two-wheel-drive mobile robot using the Bees 

algorithm in an indoor environment with static and dynamic obstacles (Haj Darwish, 
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Joukhadar, & Kashkash, 2018). The algorithm proved effective using multi-threading 

techniques during experimental verifications to ensure its real-time performance. Off-line 

path planning for a two-wheeled indoor mobile robot based on a camera system was 

studied using a genetic algorithm (GA)(Bakdi et al., 2017). GA was employed to produce 

a collision-less path by connecting an initial configuration of the robot to the target 

location. In another study (Nazarahari, Khanmirza, & Doostie, 2019), an enhanced 

Genetic Algorithm (EGA) was hybridized with an Artificial Potential Field (APF) 

algorithm to determine start-to-target feasible paths in a gridded discrete surface 

considering the optimal solutions. However, the dynamics of the robot and its ability to 

follow the designed path were not investigated. Additionally, the invariants of GA suffer 

from the risk of being trapped in the local solutions in addition to limited resolution in 

simulated environments (Bakdi et al., 2017). APF itself has been widely reported as an 

effective approach for automated robot path planning, but with a lack of optimality. 

Thus, particle swarm optimization (Pattanayak, Agarwal, Choudhury, & Sahoo, 2019) 

and simulated annealing (Zhu, Yan, & Xing, 2006) have been coupled to increase the 

optimality characteristic. 

The range of nature-inspired artificial intelligent techniques to identify an optimal path 

for automated mobile robots in an unstructured environment extends to other algorithms 

such as flower pollination algorithm (Ghosh, Panigrahi, & Parhi, 2017), firefly algorithm 

(Patle, Parhi, Jagadeesh, & Kashyap, 2017), and bat algorithm (Guo, Gao, & Cui, 2015). 

However, these algorithms mostly yield a rapid initial convergence, which is followed by 

a relatively sluggish convergence rate onwards (Feng, Liu, & He, 2013; G.-G. Wang, Chu, 

& Mirjalili, 2016). To address this concern, additional optimization techniques such as 

Cuckoo search algorithm has been applied (Gunji, Deepak, Saraswathi, & Mogili, 2019), 

which in turn imposes excessive computational demand. 

The capacity of a robot to follow the intended path is arguably more challenging than 

designing path-planning frameworks, particularly for robots traveling in unstructured 

environments such as unknown deformable terrains. The problem of path-following of 

wheeled robots for indoor applications has been sufficiently investigated through 

adaptive intelligent controllers (Huang, Wen, Wang, & Jiang, 2014; Peng, Yang, Wen, 

Rahmani, & Yu, 2016; W. Wang, Pan, & Liang, 2020; Yoo & Park, 2020). However, most 

of the studies concerning dynamics of nonholonomic wheeled robots on rigid surfaces 

assume pure rolling wheels without slippage (Kuric, Bulej, Saga, & Pokorny, 2017; Zhao, 
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Zhou, Li, & Wang, 2017). Clearly, this assumption is invalid for all-terrain robots that 

operate on low-traction surfaces. However, the negative effects of soil sinkage or wheel 

slippage on path-following of mobile robots can be compensated by designing robust 

intelligent controllers (Taghavifar & Rakheja, 2019b). 

There are several documented studies within the area of path-planning and path-

following of mobile robots on deformable terrains (Gonzalez, Fiacchini, Alamo, Guzman, 

& Rodriguez, 2010; Taghavifar, Xu, Taghavifar, & Qin, 2019). A tube-based Model 

Predictive Control (MPC) was proposed for path-tracking of constrained mobile robots 

in off-road conditions with robustness against wheel’s longitudinal slippage (Ramón 

González, Fiacchini, Guzmán, Álamo, & Rodríguez, 2011). A combination of a map-based 

approach and sensor-feedback algorithm was practiced to generate and follow a safe, 

collision-less path for the robot greenhouse corridors (R González, Rodríguez, Sánchez-

Hermosilla, & Donaire, 2009). However, a combined path-planning and following 

framework for wheeled mobile robots traveling on deformable terrains considering the 

terramechanics’ fundamental models is required.  

To conclude, the reviewed literature is suggestive of the capacity of metaheuristics to 

solve the optimal-path planning problem. However, unstructured surfaces such as 

terrain environment pose additional challenges such as the demand for a stochastic 

search to avoid dynamic obstacles (e.g. other robots, vehicles, human labor, etc.). 

Additionally, designing an effective control algorithm to follow the planned path on 

deformable terrains continues to be challenging due to the complex nature of vehicle-

terrain interaction that generates considerable uncertainty rising from unknown factors 

such as the terrain parameters, soil sinkage and wheel slippage. A new algorithm is 

proposed in this study to address these challenges related to all-terrain navigation of 

autonomous robots. The proposed algorithm assigns an initial population of particle 

swarms in the search space to recognize the feasible shortest paths while avoiding 

collisions with the static obstacles. Subsequently, this optimal path is tuned using the 

chaotically accelerated particles in the local search to prevent collision with dynamic 

obstacles while maintaining the optimality of sub-paths. A novel robust adaptive 

algorithm is hybridized to the algorithm to ensure that the wheeled robot will follow the 

optimally planned-path. The asymptotic stability of a proposed exponential-based 

integral sliding mode algorithm is guaranteed using the Lyapunov theorem. The effect of 

unknown but bounded disturbances rising from the soil mechanical properties, wheel 
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slippage, or any unforeseen forces acting on the robot is approximated through an 

adaptive robust disturbance observer. 

The rest of the paper is organized as follows. The problem formulation using the 

terramechanics concepts and the kineto-dynamic model of a robot are presented in 

Section 2. Section 3 deals with the path-planning problem using a chaos-enhanced 

accelerated particle swarm optimization (CAPSO). A novel robust control algorithm is 

designed in Section 4. Simulation results are discussed in Section 5 and Section 6 

summarizes the paper. 

2. Problem Formulation 

2.1. Terramechanics Concepts 

The fundamental concepts in terramechanics around rigid-wheel and deformable soil 

contact models are briefly overviewed in this section to contribute to fidelity of the 

developed model for autonomous navigation of the nonholonomic robots over 

deformable terrains. The employed models have been derived using fundamental basis 

and they represent widely accepted test conditions (Dallas et al., 2020; Taghavifar & 

Mardani, 2017). The directional forces and moments applied to the rigid wheel traveling 

over a soft terrain are computed using these models, and the role of wheel slippage is 

emphasized through direct integration into the developed models. Without loss of 

generality, since the wheels are assumed rigid, the contact patch width here equates that 

of the wheel, and the length of contact is formulated as a function of the normal load 

acting on the wheel, together with the physical characteristics of the soil. 

Soil sinkage, which is related to deformation of the soil profile due to normal load, is 

commonly described through the pressure-sinkage theory considering the soil bearing 

capacity. The stresses generated at the contact patch in both tangential and radial 

directions form the torques and forces applied to the wheel. The maximum radial stress 

vertex is located beneath the rigid wheel and slightly shifted towards the front of the 

contact patch. The forces applied to the wheel are formulated using the Bekker's method 

by integrating the vector sum of stress components across the contact patch. According 

to Bekker, the pressure-sinkage relationship is given by (Bekker, 1956): 

𝜎 = (𝑘𝑐⁄𝑏 + 𝑘𝜑)ℎ
𝑛 (1) 
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where 𝜎, 𝑏, and ℎ represent the pressure, effective contact width and soil sinkage due to 

the applied pressure, respectively. Furthermore 𝑛, 𝑘𝑐 and 𝑘𝜑 are the exponent, soil 

cohesion and soil friction coefficients that are determined through plate sinkage tests 

(Wong, 1989). Shear stress 𝜏 in the soil medium is projected as: 

𝑗
𝜏 = (𝑐 + 𝜎 tan𝜑) (1 − exp (− (2)⏟ ⁄ ))𝑘

𝜏𝑚𝑎𝑥 

where 𝑐, 𝜑 and 𝑘 are soil cohesion, internal friction angle, and shear modulus, 

respectively. Furthermore, j represents the overall shear deformation (Taghavifar & 

Rakheja, 2019b): 

2 2𝑗 = √𝑗𝑥 + 𝑗𝑦 (3) 

where 𝑗𝑥 and 𝑗𝑦 are the shear displacements determined through integration of the shear 

velocity of the terrain at the wheel-ground interface alongside the corresponding 

directions. The shear displacement components are obtained from: 

𝑡 
𝑗𝑖 = ∫ 𝑉𝑖𝑑𝑡 𝑖 = 𝑥, 𝑦 (4)

0 

where Vi represents soil deformation rate along axis i or the wheel velocity at the contact 

patch. Eq. (4) can be alternatively represented in terms of the wheel angular motion 𝜃, as 

follows (Taghavifar & Mardani, 2017): 

𝑗𝑥(𝜃) = 𝑅(𝜃𝑒 − 𝜃 − (1 − 𝑆))(sin 𝜃𝑒 − sin 𝜃) 
(4)

𝑗𝑦(𝜃) = 𝑅(1 − 𝑆)(𝜃𝑒 − 𝜃) tan𝛼 

where R represents the wheel radius, and 𝜃𝑒 is the leading contact patch angle with the 

wheel centerline (Figure 1). Furthermore, 𝛼 is the sideslip angle of the wheel, and S is the 

wheel longitudinal slippage. The sideslip angle of the wheel is also described as: 
𝑉𝑦

𝛼 = arctan ( ) (5)
𝑉𝑥 

The longitudinal slippage of the wheel is described as: 

𝑉𝑥1 − 𝑅𝜔 > 𝑉𝑥 (𝑎𝑐𝑐𝑒𝑙𝑒𝑟𝑎𝑡𝑖𝑜𝑛)𝑅𝜔
𝑆 = { 𝑅𝜔 (6)

− 1 𝑉𝑥 > 𝑅𝜔 (𝑏𝑟𝑎𝑘𝑖𝑛𝑔)
𝑉𝑥 
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where 𝜔 and 𝑉𝑥 are the rotational and linear velocities of the wheel. Eq. (6) can also 

express the wheel slippage 𝑆 as a function of the shear deformation 𝑗𝑥(𝜃). 

The normal stress distribution over the contact patch, 𝜎𝑛(𝜃), can be divided into the 

leading 𝜎𝑛𝑓(𝜃) and trailing 𝜎𝑛𝑟(𝜃) sections of the contact patch, as: 

𝜎𝑛𝑓(𝜃) 0 < 𝜃 < 𝜃𝑒
𝜎𝑛(𝜃) = { (7)

𝜎𝑛𝑟(𝜃) 𝜃𝑟 < 𝜃 < 0 

where 

𝑛 
𝜎𝑛𝑓(𝜃) = (𝑐𝑘1 + 𝛾𝑠𝑏𝑘2)(𝑅𝑏

−1(cos 𝜃 − cos 𝜃𝑒)) (8) 

𝑛 
𝜃−𝜃𝑟𝜎𝑛𝑟(𝜃) = (𝑐𝑘1 + 𝛾𝑠𝑏𝑘2) (𝑅𝑏

−1 {cos (𝜃𝑒 − ( ) (𝜃𝑒 − 𝜃𝑁))}) (9)
𝜃𝑁−𝜃𝑟 

where 𝛾𝑠 represents the soil bulk density, and 𝑘1and 𝑘2 are modified parameters for soil 

cohesion and friction, respectively. Furthermore, 𝜃𝑁 is the angle where the radial stress is 

maximum, and 𝜃𝑟 represents the trailing contact patch angle with the wheel centerline. 

On this basis, the directional forces developed across the contact area can be obtained 

from the normal and tangential stress components along the intended direction. The 

lateral force applied to the wheel, 𝐹𝑦
𝑤 can then be determined as in (Dallas et al., 2020): 

𝜃𝑒 𝜃𝑒 (𝑅(1−𝑆)(𝜃𝑒−𝜃)) tan 𝛼 
𝐹𝑦
𝑤 = ∫ 𝑅𝑏𝜏(𝜃)𝑑𝜃 = ∫ 𝑅𝑏 {(𝑐 + 𝜎 tan 𝜑) (1 − exp (− ))} 𝑑𝜃 (10) 

𝜃𝑟 𝜃𝑟 𝑘 

Similarly, soil compaction and tangential thrust contribute to generation of the 
𝑤longitudinal force, 𝐹𝑥 as: 

𝜃𝑒 (𝑅(1−𝑆)(𝜃𝑒−𝜃)) tan 𝛼𝑤𝐹𝑥 = ∫ 𝑅𝑏 {(𝑐 + 𝜎 tan 𝜑) (1 − exp (− )) cos 𝜃 − 𝜎𝑛(𝜃) sin 𝜃} 𝑑𝜃 (11)
𝜃𝑟 ⏟ 𝑘 

𝜏(𝜃) 

where τ and σ are the shear stress alongside the contact patch interface and the normal 

stress component, respectively. These directional forces depend on the terrain properties 

and operating conditions, and are difficult to estimate in practice. Therefore, in this 

research, they are treated as disturbances that add to the ideal case of pure rolling or rigid 

surface driving. Additionally, the force components vary substantially with longitudinal 

slippage and side-slip angle, apart from the soil physical properties. Adequate 

estimations of disturbances in the form of wheel slippage/sideslip angle or their 

generated directional forces are thus vital for the control of terrain-based robots. The 

physical parameters of the soil employed in this study are summarized in Table 1. 
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Table 1. Physical properties of a sandy soil (Dallas et al., 2020) 

Parameter (Unit) Value 

(𝑁𝑘𝑐 ⁄ )𝑚𝑛+1 1000 

(𝑁𝑘𝜑 ⁄ )𝑚𝑛+2 1528600 

𝑛 (−) 2.1 

𝑘 (𝑚) 0.024 

𝑐(𝑃𝑎) 204 

𝜑(𝑟𝑎𝑑) 0.4712 

(a)            (b) 

Figure 1. Schematic representation of a driving rigid wheel on a deformable soil: a) side view, 

and b) top view 

2.2 Dynamics of Mobile Robot 

A nonholonomic wheeled robot with two active rear wheels and two driven and steerable 

wheels in front is considered for dynamic analysis and control synthesis. The body-fixed 

coordinate {G, x, y} and geometric considerations of the robot in a global coordinate 

system {O, X, Y} are shown in Figure 2. Two independent electric motors are the only 

means to actuate the rear wheels for navigation on a deformable terrain. The 

terramechanics models are also used to formulate governing equations of motion for the 

wheel robot. For given rotational velocities of the right- and left-wheels, shown by 𝜔𝑟 

and 𝜔𝑙, the translational velocities of the wheels (𝑣𝑥𝑙, 𝑣𝑥𝑟) can be determined considering 

the corresponding slippage terms 𝑆𝑟 and 𝑆𝑙: 

𝑣𝑥𝑙 = 𝑅𝜔𝑙(1 − 𝑆𝑙) (12) 

𝑣𝑥𝑟 = 𝑅𝜔𝑟(1 − 𝑆𝑟) (13) 
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∑ 𝑣𝑥𝑖𝑣𝑥 = 𝑖 = 𝑙, 𝑟 (14)
2 

The slippage terms, 𝑆𝑟 and 𝑆𝑙, are defined according to Eq. (6) considering the acceleration 

or braking scenario. The body-fixed lateral velocity of the robot 𝑣𝑦 is determined from the 

yaw rate and wheel skid 𝑆𝑘, as: 

𝑣𝑦 = 𝑟𝑑 + 𝑆𝑘 (15) 

where d is longitudinal position of the rear axle from center of gravity (cg) of the robot, 

and wheel skid 𝑆𝑘 is defined as the lateral slide of the wheel due to external forces. The 

yaw rate of the wheeled robot 𝑟 is computed from differential velocity of the left- and 

right- track wheels and the track width 2e, as: 

(𝑣𝑥𝑙−𝑣𝑥𝑟)𝑟 = (16)
2𝑒 

For the generality, we assume that the tracking point is not necessarily collocated on the 

cg. Thus, an offset 𝑑𝑜 is introduced (Figure 2) for the path-following purpose of the robot 

subsequent to the design of the desired trajectory in the field. The global coordinates of 

the desired trajectory (X,Y) are directly related to the robot heading angle 𝜑, as: 

𝑟 = �̇� (17) 

𝑜�̇� = 𝑣𝑥 sin𝜑 + 𝑣𝑦 cos𝜑 = 𝑣𝑥 sin𝜑 + (𝑣𝑦 + 𝑑𝑜𝑟) cos𝜑 (18) 

�̇� = 𝑣𝑥 cos𝜑 − 𝑣𝑦
𝑜 sin 𝜑 = 𝑣𝑥 cos𝜑 − (𝑣𝑦 + 𝑑𝑜𝑟) cos𝜑 (19) 

𝑜where 𝑑𝑜 and 𝑣𝑦 denote the distance between the robot cg (G) and the tracking point (O) 

and the lateral velocity at point (O), respectively. The governing equations of motion for 

the robot are subsequently derived as: 

𝑤𝑟 + 𝐹𝑦
𝑤𝑙 + 𝐹𝑦

𝐺∑𝐹𝑦 = 𝐹𝑦 = 𝑚(𝑣𝑦̇ + 𝑣𝑥𝑟) (20) 

𝑤𝑟 + 𝐹𝑥
𝑤𝑙 + 𝐹𝑥

𝐺∑𝐹𝑥 = 𝐹𝑥 = 𝑚(�̇�𝑥 − 𝑣𝑦𝑟) (21) 

𝑤𝑙 − 𝐹𝑥
𝑤𝑟)𝑒 − (𝐹𝑦

𝑤𝑙 + 𝐹𝑦
𝑤𝑟)𝑑 − 𝑇𝑑∑𝑇 = (𝐹𝑥 = 𝐼𝑧�̇� (22) 

𝑙 𝑤𝑙∑ 𝑇𝑤 = 𝜂𝑇𝑙 − 𝑅𝐹𝑥 = 𝐼𝑤�̇� (23)𝑙 

𝑟 𝑤𝑟𝐼𝑤�̇� 𝑟 = ∑ 𝑇𝑤 = 𝜂𝑇𝑟 − 𝑅𝐹𝑥 (24) 
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𝑤𝑟 𝑤𝑙 𝑤𝑟 and 𝐹𝑥
𝑤𝑙where 𝐹𝑦 , 𝐹𝑦 , 𝐹𝑥 represent the directional forces acting on the right and left 

𝐺 𝐺wheels of the robot, which are obtained from Eq. (10) and (11). Additionally, 𝐹𝑥 , 𝐹𝑦 are 

the longitudinal and lateral forces acting on the robot cg, and 𝑇𝑑 denotes the moment 

imposed to the robot due to the soil-wheel interactions ( 𝑇𝑑 = 𝐹𝑦
𝑤𝑑 + 𝐹𝑥

𝑤𝑒). Moreover, 𝑚 

𝜂, 𝐼𝑧 and 𝐼𝑤are robot mass, the gear ratio, yaw mass moment of inertia, and the effective 

mass moment of inertia of the wheel including the inertia terms of the wheel and the 

motor, respectively. Finally, 𝑇𝑙 and 𝑇𝑟 are assumed as the input torques applied to the left 

and rights wheels, respectively. The state-space form of the problem can be presented by 

rearranging (20)-(24), as: 

�̇� = 𝑨𝝃 + 𝑩𝑼 + 𝑪𝜻 𝜉 ∈ 𝑅5 , 𝑢 ∈ 𝑅2 (25) 

where 𝝃, 𝑼 ,and 𝜻 are the vectors of the system state, control input and disturbance, 

respectively. Additionally, 𝑨, 𝑩, and C are the matrices for the states, control gain and 

disturbances, respectively, described as: 

−𝑚𝑑𝑣𝑥𝑟𝑅
2 

𝑅2(𝐼𝑧+𝑚𝑑2)+2𝑒2𝐼𝑤 

𝑚𝑑𝑟2𝑅2 

𝑇̇ ̇ ∗ ∗]𝑻 2𝐼𝑤+𝑚𝑅2𝝃 = [�̇�, �̇�, �̇�, 𝑌, 𝑋] , 𝑼 = [𝑢1, 𝑢2 , 𝑨 = , 𝑩 = 
𝑟 

𝑣𝑥 sin 𝜑 + (𝑑𝑟 + 𝑑𝑜𝑟) cos𝜑 
[𝑣𝑥 cos𝜑 − (𝑑𝑟 + 𝑑𝑜𝑟) sin𝜑] 

𝜂𝑒𝑅 𝑒𝐼𝑤(�̇�𝑥𝑟−�̇�𝑥𝑙)+(𝑑𝐹𝑦
𝑤−𝑇𝑑−𝑚𝑑�̇�𝑘)𝑅

2 

0 
𝑅2(𝐼𝑧+𝑚𝑑2)+2𝑒2𝐼𝑤 𝑅2(𝐼𝑧+𝑚𝑑2)+2𝑒2𝐼𝑤 

𝜂𝑒𝑅 (𝐹𝑦
𝑤+𝑚𝑟𝑆𝑘)𝑅

2−𝐼𝑤(�̇�𝑥𝑟−�̇�𝑥𝑙)0 
2𝐼𝑤+𝑚𝑅2 , 𝑪 = 2𝐼𝑤+𝑚𝑅2 

0 0 0 
0 0 𝑆𝑘 cos 𝜑 
[ 0]0 [ −𝑆𝑘 sin 𝜑 ] 

∗ ∗ where 𝑢1 = 𝑇𝑙 + 𝑇𝑟 and 𝑢2 = 𝑇𝑙 − 𝑇𝑟. It is observed that the contributions due to 

directional forces, moments and wheel slippage are represented in C. The control of robot 

dynamics states may thus be more feasible, provided that 𝑪𝜻 is expressed as a lumped-

disturbance. The simulation parameters of the nonholonomic wheeled mobile robot are 

presented in Table 2. 

Table 2. Simulation parameters of the nonholonomic wheeled mobile robot 

e (m) Half-track width 0.2 

d (m) Distance between rear axle and C.G. 0.2 
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𝜂 (-) Gear ratio 80 

𝑚 (kg) Mass 60 

𝐼𝑤 (kg.m2) wheel mass moment of inertia 0.2 

𝐼𝑧 (kg.m2) Yaw-plane mass moment of inertia 6 

𝑅 (m) Wheel radius 0.25 

𝑑0 (m) Desired point tracking location 0. 3 

Figure 2. Yaw-plane representation of a wheeled terrain robot equipped with two independent 

driving wheels subject to structured and unstructured uncertainties 

The following assumptions are made in the present paper. Firstly, the soil deformability 

throughout the field of travel is assumed uniform. Secondly, because the main attempt 

would be on path-planning and path-following developments, the positions of dynamic 

and static obstacles, plus the regions with high-risk of entrapment are assumed to be 

known at any moment relative to the moving robot since the robot is assumed to be 

equipped with GPS and radars to recognize the location of each obstacle during the 

dynamic mode of motion. 

3. Optimal Path-Planning 

3.1. Multi-Objective Function Definition 

The problem of path-planning deals with finding the shortest possible route between a 

starting point and a target. An additional concern would be the existence of unstructured 

11 



 
 

       

    

      

      

       

       

       

         

        

       

       

      

 

 

 

 
                    

 

                   

      

           

        

         

       

    

        

  

environment containing obstacles scattered over the path. The problem gets further 

complex when a number of those obstacles are dynamically relocating, which impose 

greater safety risks for the robot. Under the assumption of uniformly deformable terrain, 

the length of the path is strictly associated with the time and cost of the operation. From 

another perspective, this can be also related to energy management by securing the 

shortest travel path for the robot throughout the task. It has been reported that the 

shortest path may pose relatively higher safety risks (B. Wang, Li, Guo, & Chen, 2018). 

In many cases, the robots may assume a relatively longer path to reduce the risk level 

imposed by terrain undulations and moving obstacles. Hence, we are targeting to find a 

path that is as short as possible to meet optimality, while ensuring safety by avoiding 

potential entrapments and collisions, particularly with those attributed to dynamic 

obstacles. An optimization problem is thus considered to find the design vector: �̅� = 

[𝑋(𝑡), 𝑌(𝑡)]𝑇: 

minimize [𝐽] = 𝑤1𝐽1 + 𝑤2𝐽2 

with 

𝑇̃ ̃𝐽1 = ∫
0

𝑇𝑓(�̅� − 𝑿𝒈) (�̅� − 𝑿𝒈) 𝑑𝑡 
(26)

𝑇𝑓 𝑁 2 2
𝐽2 = ∫0 

∑𝑖=1max {exp ( −𝜅((𝑋(𝑡) − 𝑋𝑂𝑖(𝑡)) + (𝑌(𝑡) − 𝑌𝑂𝑖(𝑡)) ))}𝑑𝑡 

and subject to constraints: 

0 ≤ 𝑋 (𝑡), 𝑌 (𝑡) ≤ 𝑋max , 𝑌max 𝑡 ∈ [0, 𝑇𝑓] 

where [0, 𝑇𝑓] represents the optimization horizon, N denotes the number of detected 

obstacles, and 𝑋max , 𝑌 are the maximum allowed positions for the robot to travel on max 
𝑇 

the terrain surface. Moreover, �̃�𝒈 = [𝑋𝑔, 𝑌𝑔] is the global coordinates vector related to the 

target point, 𝜅 is a safety coefficient defining the collision risk. Moreover, 𝑋𝑂𝑖(𝑡) and 𝑌𝑂𝑖(𝑡) 

are the positions of the i-th detected static/dynamic obstacle in the search space, or the 

local position where the risks of field entrapment are considerable. Furthermore, 𝑤1and 

𝑤2 are weighting parameters are for aggressiveness in the direction of the attaining the 

goal and avoiding the collision with obstacles or field entrapments, respectively. 
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3.2. Chaos-enhanced Accelerated Particle Swarm Optimization (CAPSO) 

Particle swarm optimization (PSO) has been widely regarded as one of the most effective 

meta-heuristic algorithms applied in many optimization problems (Das et al., 2016; 

Gohari & Tahmasebi, 2014; Taghavifar & Mardani, 2014). However, the premature 

convergence in multimodal optimizations is a major setback attributed to this technique 

(Gandomi, Yun, Yang, & Talatahari, 2013). The literature indicates that a slight tuning of 

the PSO parameters, such as the inertial parameters, may only slightly improve the 

performance but at the cost of massive computational demand. In traditional PSO 

techniques, swarm particles occupy the problem space. Subsequently, the space is 

searched deterministically as well as stochastically in zigzag-like directions (Gandomi et 

al., 2013). This approach is essential to continuously shift towards the global and local 

bests simultaneously (i.e., �̃�𝑔𝑖, and �̃�𝑝𝑖) to guarantee gradual convergence to the global 

optimum solution ( Figure 3). 

Figure 3. Schematic representation of particle motions in terms of the position and velocity 

The update rule for the particles’ velocity in the subsequent step with position vector �̃� 

and velocity 𝒗𝒊 is described as: 

𝑡+1 𝑡 𝑡),𝑣𝑖 = 𝑣𝑖 + 𝛼𝜒1(�̃�𝑝𝑖 − �̃�𝑖
𝑡) + 𝛽𝜒2(�̃�𝑔𝑖 − �̃�𝑖 (27) 

where 𝜒1 and 𝜒2 are arbitrarily chosen random numbers, 𝜒1, 𝜒2 ∈ (0,1), and 𝛼 and 𝛽 

represent the learning coefficients, commonly selected as 2 (Taghavifar & Rakheja, 2019a). 
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Furthermore, �̃�𝑖
𝑡 and 𝑣𝑖

𝑡 denote the position and velocity vectors of particle 𝑖 at instant 𝑡, 

respectively. Moreover, the updated position vector of particle 𝑖 at 𝑡 + 1 is given by: 

𝑡+1 𝑡�̃�𝑖 = �̃�𝑖 + 𝑣𝑖
𝑡+1∆𝑡, (28) 

where ∆𝑡 represents the simulation step size. In order to realize a stable convergence of 

the PSO algorithm to the global minimum, a passivity function, 𝛺(𝑡), is added in (27), 

such that: 

𝑡+1 𝑡 𝑡),𝑣𝑖 = 𝛺(𝑡)𝑣𝑖 + 𝛼𝜒1(�̃�𝑝𝑖 − �̃�𝑖
𝑡) + 𝛽𝜒2(�̃�𝑔𝑖 − �̃�𝑖 (29) 

where 𝛺(𝑡) is the passivity function with uniform distribution between (0,1) (Taghavifar 

& Rakheja, 2019a). The passivity function acts as an inertia but enhances the stability of 

the particles in moving towards the global solution. The standard PSO algorithm applies 

the existing global best �̃�𝑔𝑖, while slightly moving in the direction of the local best �̃�𝑝𝑖 in 

order to promote heterogeneity in the potential regions of attraction. This target can be 

alternatively accomplished by introducing random orientation in particle movement. 

Therefore, the updated velocity vector through the accelerated convergence scheme can 

be described as: 

𝑡+1 𝑡 𝑡),𝑣𝑖 = 𝑣𝑖 + 𝛼Ф(𝑡) + 𝛽𝜒2(�̃�𝑔𝑖 − 𝑥 (30)̃𝑖 

where Ф(𝑡) is a random number selected between (0,1). Accordingly, the updated rule 

for the position of particles is obtained as: 

𝑡+1 𝑡�̃�𝑖 = (1 − 𝛽)𝑥 + 𝛽�̃�𝑔𝑖 + 𝛼Ф(𝑡). (31)̃𝑖 

Eq. (31) is suggestive of a more convenient update rule independent of the particles’

velocity vector when compared with (28), because the new rule is independent from the 

demand to realize the velocity vector at the next time step. 

4. Path-following Control Scheme 

4.1. ISMC Controller Design 

A sliding mode controller is considered better suited in order to achieve desired special 

features, such as robustness against structured and unstructured uncertainties and 

superior flexibility or adjustment capacity (Haji Hosseinloo, Slotine, & Turitsyn, 2018). 
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Consequently, an adaptive sliding mode control (SMC) is employed to design a control 

scheme for realizing the desired objective through actuations of rear wheels’ motors. An 

improved version of the sliding surface, called integral sliding mode control (ISMC), 

however, is integrated, which is known to outperform the traditional SMC by providing 

a higher robustness level throughout the entire tracking process (Hu et al., 2019). 

Additionally, ISMC is more resilient concerning the system structure because of features 

to reach a particular control target and a supplementary SMC regulator to eliminate the 

modeled and unmodeled uncertainties. In order for the robot to reach the desired 

trajectory with greater robustness and stability, an improved integral sliding surface is 

defined as: 

𝒕 
𝒔(𝝃, 𝑡) = 𝝆 {�̃�(𝑡) − �̃�(0) − ∫ �̃�(𝑡)𝑑𝜏} (32)

𝟎 

where �̃�(𝑡) = 𝝃(𝑡) − 𝝃𝒓(𝑡), and 𝝆 = [𝜌1, 𝜌2] is the sliding surface gain vector. 

Unlike the traditional SMC methods, we employ an exponential reaching law so as to 

minimize chattering and achieve a smooth convergence to the equilibrium without the 

buffet zone, such that: 

𝝈𝟑‖�̃�‖ 𝒔 
�̇�(𝒕) = −𝝈𝟏‖�̃�‖ 𝐞𝐱𝐩(−𝝈𝟐|𝒔|) 𝐬𝐢𝐠𝐧(𝒔) − ∞ (33)

∞ 𝝈𝟒 𝐞𝐱𝐩(−𝝈𝟏|𝒔|) 

where 𝜎𝑖 𝑖 = 1,2, . . ,4 are arbitrary positive design constants for adjusting the 

convergence rate of the sliding surface. 

4.2. Adaptive NN Approximator 

Owing to its rapid convergence, high adaptability, and simple structure, the radial basis 

function-based Neural Network (RBF-NN) is commonly practiced in traditional feed-

forward NN systems for broad ranges of estimation and control applications (Hu et al., 

2019; Ji, He, Lv, Liu, & Wu, 2018). 

Remark 1. There is always a NN function, described as 𝑊𝑇𝜙(𝑥), to approximate any 

continuous function 𝑍(𝑥) in a compact set. As such, the function can be replaced by 

𝑍(𝑥) = 𝑊𝑇𝜙(𝑥) + 𝜀 with a bounded approximation error 𝜀. Additionally, 𝑊 = 
𝑇 

[𝑤1, 𝑤2, … 𝑤𝑄] is the vector of adaptive weights, 𝜙(𝑥) = [𝜙1(𝑥) , 𝜙2(𝑥) ,… , 𝜙𝑄(𝑥)]
𝑇 is a 
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vector containing the radial basis functions and 𝑄 represents the number of neurons in 

the single hidden layer. Moreover, 𝜙𝑗(𝑥) is chosen in the form of a Gaussian function: 

2 
‖𝝃 − 𝑪𝒋‖ 

𝜙𝑗(𝝃) = exp(− ⁄ ) , 𝑗 = 1,2, … , 𝑄 (34)𝟐𝝈𝒋 

𝑇 
where 𝑪𝒋 = [𝑐1, 𝑐2, … , 𝑐𝑗] represents the center of the function domain, 𝜎𝑗 denotes 

Gaussian function width. An adaptive RBFNN is developed to approximate the lumped 

disturbance 𝑪𝜻(𝝃) as follows: 

𝑪𝜻(𝝃) = 𝑾∗𝑇𝝓(𝝃) (35) 

where 𝑾∗𝑇is the vector of optimal weights, and 𝝓(𝝃) is the RBF of the inputs to the NN. 

As a common training algorithm for adjusting weights of the NN, the gradient descent 

method, in analogy to MIT rule (Rehman et al., 2016), is widely applied for an RBF NN 

with the learning indicator 𝑬, defined as: 

𝟏 𝟐𝑬 = 𝒆𝒘 (36)
𝟐 

where 𝒆𝒘 = 𝑪𝜻(𝝃) − 𝑪�̂�(𝝃) and �̂�(𝝃) is the estimated function. Accordingly, the training 

algorithm for RBF-NN to determine 𝑪𝒋 and 𝝈𝒋 is given by the following: 

𝟐 
𝝏𝑬

𝒅𝝈𝒋 = −𝜸 = −𝜸𝒆𝒘𝑾
∗𝑻 ‖𝝃−𝑪

𝟑

𝒋‖ 

𝝏𝝈𝒋 𝝈𝒋 (37) 

𝝈𝒋(𝒕 + 𝟏) = 𝝈𝒋(𝒕) + 𝒅𝝈𝒋 + 𝜩[𝝈𝒋(𝒕) − 𝝈𝒋(𝒕 − 𝟏)] 

𝟐 
𝝏𝑬

𝒅𝑪𝒋 = −𝜸 = −𝜸𝒆𝒘𝑾
∗𝑻 ‖𝝃−𝑪

𝟐

𝒋‖ 

𝝏𝑪𝒋 𝝈𝒋 (38) 

𝑪𝒋(𝒕 + 𝟏) = 𝑪𝒋(𝒕) + 𝒅𝑪𝒋 + 𝜩[𝑪𝒋(𝒕) − 𝑪𝒋(𝒕 − 𝟏)] 

where 𝜸and 𝜩 are arbitrarily chosen uniformly distributed numbers {𝛾, 𝛯 ∈ (0,1)} , 

known as the learning rate and momentum factors. The gradient descent algorithm to 

adjust the weights 𝑾 of RBF-NN, however, may only lead to a local minimum, while the 

closed-loop stability is not accomplished (Hu et al., 2019; Ji et al., 2018). The adaptation 

mechanism can be alternatively derived through the Lyapunov stability theorem to 

ensure closed-loop stability. The output of RBF-NN is: 

𝑪𝜻 ̂𝑇𝝓(𝝃) + 𝜺̂(𝝃) = 𝑾 (39) 
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where �̂�𝑇is the approximated adjusting vector of weights, and the approximation error 

𝜺 is bounded by 𝜗 {𝑖. 𝑒. , |𝜺| ≤ 𝜗}. ̃ = 𝑾∗ −𝑾Furthermore, 𝑾 ̂ defines the difference 

between the optimal and approximated weights. 

Theorem 1. Tracking the designed path for the wheeled robot on a deformable terrain 

described in (25) can be achieved through the adaptation law and control input as 

follows:  

̇̂𝑾 = −𝛩𝒔𝑻𝝓(𝝃) (40) 

̃̇𝒖 = 𝑩−𝟏 {−𝑨𝝃 + 𝝃 ̃‖𝒓 + 𝝃 − 𝝃𝒓 − 𝝈𝟏‖𝝃 𝐞𝐱𝐩(−𝝈𝟐|𝒔|) 𝐬𝐢𝐠𝐧(𝒔) − 
∞ 

𝝈𝟑‖�̃�‖ 𝒔
∞ }

𝝈𝟒 𝐞𝐱𝐩(−𝝈𝟏|𝒔|)
(41) 

Proof: Design a Lyapunov function candidate: 

𝑉 = 
1 
𝒔𝑻𝒔 + 

2 

1 ̃𝑇�̃�𝑾
2𝛩 

(42) 

where the time derivative of (42) is obtained as: 

1 ̃𝑇𝑾
1 ̃𝑇𝑾̇ ̇ ̇ ̇�̇� = 𝒔𝑻�̇� + 𝑾 ̃ = 𝒔𝑻𝝆 {�̃�(𝑡) − �̃�(𝑡)} + 𝑾 ̃ = 𝒔𝑻𝝆 {𝑨𝝃 + 𝑩𝒖 + 𝑪𝜻 − �̃�𝒓 − 𝝃 + 𝝃𝒓} + 

𝛩 𝛩 
1 ̃𝑇�̃� ̃ 1 ̃𝑇𝑾̇ ̇ ̇𝑾 = 𝒔𝑻𝝆 {𝑨𝝃 + 𝑩𝒖 + 𝑪𝜻 − 𝝃𝒓 − 𝝃 + 𝝃𝒓} − 𝑾 ̂ (43)
𝛩 𝛩 

Consider a unit vector for the sliding surface gain vector, and replace (33) into (43): 

𝝈𝟑‖�̃�‖ 𝒔 1̇ = 𝒔𝑻 {𝑾 ̃‖ ̃𝑇𝑾 ̃𝑇𝝓(𝝃) −𝑉 ̃𝑇𝝓(𝝃) − 𝝈𝟏‖𝝃 𝐞𝐱𝐩(−𝝈𝟐|𝒔|) 𝐬𝐢𝐠𝐧(𝒔) − ∞ } − 𝑾 ̂̇ = 𝒔𝑻𝑾
∞ 𝝈𝟒 𝐞𝐱𝐩(−𝝈𝟏|𝒔|) 𝛩 

̃‖ 𝒔𝟐𝝈𝟑‖𝝃 1̃‖ ̃𝑇𝑾𝝈𝟏‖𝝃 𝐞𝐱𝐩(−𝝈𝟐|𝒔|) |𝒔| − ∞ − 𝑾 ̂̇ (44)
∞ 𝝈𝟒 𝐞𝐱𝐩(−𝝈𝟏|𝒔|) 𝛩 

Accordingly, (44) can be reduced to: 

𝝈𝟑‖�̃�‖ 𝒔𝟐 

�̇� = −𝝈𝟏‖�̃�‖ 𝐞𝐱𝐩(−𝝈𝟐|𝒔|) |𝒔| − ∞ ≤ −|𝒔| − 𝒔𝟐 ≤ 𝟎 (45)
∞ 𝝈𝟒 𝐞𝐱𝐩(−𝝈𝟏|𝒔|) 

It is now proved that the Lyapunov function candidate with a lower-bound produces a 

negative semi-definite derivative. It is further needed to establish that the time-derivative 

function is uniformly continuous over the simulation time. This can be simply 

accomplished if one higher-order derivative is bounded. Since the second time-derivative 

of 𝑉(𝒔, 𝑡) includes �̇�, it is enough to prove �̇� is bounded. Consider that 𝑉(𝒔, 𝑡) in (42) is the 

sum of two positive terms, with the first time-derivative result being negative. Thus, 
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𝑉(𝒔, 𝑡) is bounded by its initial value, which implies that 𝒔 and �̃� are bounded, and 

accordingly the system states are also bounded. The proof is complete accordingly by 

providing the requirements of Barbalat’s lemma explored above. It can be concluded 

that 𝑉(𝒔, 𝑡) → 0, indicating that 𝒔 → 𝟎 and that the system global asymptotic stability is 

guaranteed. 

5. Results and Discussions 

In this section, the results of optimally planned path for the robot subject to static and 

dynamic obstacles are presented. Subsequently, the effectiveness of the designed path-

following controller based on EISMC-RBF-NN algorithm is investigated. The adaptive 

robust observer capacity for parameter and disturbance approximation is also 

incorporated in this section. Finally, two benchmark algorithms of the adaptive type-2 

fuzzy (Taghavifar & Rakheja, 2019b) and adaptive Gaussian Wavelet NN 

(GWNN)(Nguyena, Hoang, Pham, & Dao, 2019) are employed for validation of the 

proposed algorithm. The simulations were performed considering the following 

parameters for the convergence rate of the sliding surface: 𝜎1 = 1.3, 𝜎2 = 0.9, 𝜎3 = 

0.05, 𝜎4 = 1.1 , and 𝛩 = 1. Furthermore, the path-planning cost function is solved 

assuming equal weighting associated with path following and safety (𝑤1 =𝑤2 = 0.5). 

Furthermore, it is assumed that the robot travels at a relatively high speed of 6.6 m/s, and 

the coordinates of the starting point and the desired target are 𝑋(0) = 𝑌 (0) = 

5 m, 𝑋(𝑇𝑓) = 𝑌(𝑇𝑓) = 100 m. Considering the dimensions for plane of motion, and the 

traveling speed, the running time for the moving robot is achieved at about 15 s. 

Figure 4 represents the scaled cost function argument for converging to the target 

position. It is evidently the maximum value in the starting point (5m, 5m) and converges 

to zero as the robot approaches the target position (100m, 100m). Similarly, Figure 5 

illustrates the distribution of dynamic and static obstacles on the terrain surface where 

the robot travels. The contours signify the risk of collision with the obstacles and the 

center of obstacle location is with the maximum risk. Furthermore, the starting point and 

the target position are marked at (5m, 5m) and (100m, 100m) in the global coordinate 

through the square and circle objects. It is assumed that the robot is equipped with GPS 

and radars to recognize the location of each obstacle during the dynamic mode of motion. 

The first argument of the cost function (26) converges to zero if the robot is located on 

any position on the surface free of an obstacle (Figure 5). Figure 6 presents the 
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superposition of obstacle avoidance and the shortest path arguments of the cost function. 

The dark blue and dark red orbits in the contour map are representatives for the lowest 

and highest cost functions to achieve the target positions on the terrain surface, 

respectively. Furthermore, the closer the robot is to the obstacle, the higher is the collision 

risk (Figure 6). For instance, those obstacles positioned in the (0, 20) m range are marked 

with the greatest collision risk, while the farthest obstacle is marked with the lowest risk 

level. 

Figure 4. Variations in the cost function for convergence of robot to the target position 

Figure 5. Localization of obstacles scattered on the surface of robot travel, with different risk 

levels 
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Figure 6. Contour map of the combined effect for obstacle avoidance and start-to-target 

reaching cost functions 

Figure 7 illustrates the final optimal path, being the safest and shortest path among the 

myriad of possible solutions, planned for the robot to travel on deformable terrain 

surface. The cones in Fig. 7 are representative for any risk regions comprising the static 

and dynamic obstacles as well as high-risk of entrapment regions. It should be noted that 

the demonstrated path is only according to the current information of the location of each 

obstacle, but the path can be updated to avoid collision with dynamic obstacles during 

the travel course. 

Figure 7. Optimally planned path for the robot according to the current obstacle localization 
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Figure 8. Bidirectional convergence of the robot to the target position through PSO iteration 

number 

The bidirectional convergence of the robot to the target point in the global coordinate 

system versus the iteration number of chaos-enhanced accelerated PSO is presented in 

Figure 8. It is evident that the robot converges to the target position after about 1360 

iterations and that the robot has not been trapped in any local solution during the entire 

simulation. It also reveals that after turning about the obstacles on two major cases, in the 

beginning and midway, the robot returns to a straight-line path rapidly without any 

oscillations. 

Figure 9. Path-following capacity of the proposed EISMC-RBF-NN control algorithm on the 

terrain surface of robot travel 
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Once the optimal path is designed, the ability of the robot to follow the intended path 

needs to be assessed. Figure 9 depicts the trajectory of the robot running by the proposed 

EISMC-RBF-NN control algorithm to follow the CAPSO planned path. Although there 

are slight variations during the abrupt path changes around the obstacles, the asymptotic 

stability of the robot and rapid convergence to the original path can be observed in Figure 

9. 

(a) (b) 

Figure 10. Time histories for a) yaw-rate and b) tracking error variations 

Furthermore, the time histories of robot yaw-rate and tracking error are presented in 

Figure 10. Because the considered robot in this study is a nonholonomic robot, the yaw-

rate needs to be regulated to achieve the desired orientation in the lateral direction while 

traveling longitudinally. To this end, wheel torque values are taken as the inputs and the 

desired output of the closed-loop system is to follow the intended path with the 

minimum directional errors in the plane of motion. The largest discrepancies between the 

desired yaw-rate and that of proposed control algorithm are observed during the initial 

5 seconds of travel, where the adaptation is needed until the intelligent controller learns 

how to resist the structured and unstructured uncertainties. Although the learning rate 

is one option to increase the convergence rate, this may adversely affect the momentum 

of the NN algorithm. The tracking error results in X- and Y-directions demonstrate slight 

variations throughout the simulation with small rms values of 0.09 and 0.07 m, 

respectively. Also, the slight variation of ±0.05 m in the X-direction is most likely 

attributed to the continuation of particle searching around the global minimum. This can 

be resolved by adding an on-off switch mode to the system to stop running the robot after 

reaching the target point within a certain variation bound. 
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Figure 11. Soil sinkage exponent estimation results according to RBF-NN approximator 

During the simulation, the soil exponent number is considered as 2.1 (Table 1) and the 

capacity of the closed-loop system to approximate the parameter adaptively is tested in 

this section. Figure 11 shows the estimation accuracy of the proposed RBF-NN estimator 

during the simulation course. It takes almost 5 s for the proposed algorithm to realize the 

soil exponent and to converge to this value onwards. There is a rapid rise from the chosen 

initial value towards the target value, with a pronounced overshoot, although results 

suggest reasonably good damping characteristic of the estimator. 

Figure 12. Time-history for soil cohesion estimation according to RBF-NN approximator 

Similarly, Figure 12 shows the time history of estimated soil cohesion obtained from the 

proposed RBF-NN approximator. The target value of the soil cohesion was 204 Pa (Table 

1). The differences between the estimated and actual terrain values might be attributed 

to model discrepancies between the complex and reduced-order Terramechanics models. 

However, the proposed estimator converges to the actual value with peak error of only 
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5% in less than 5s. Figures 11 and 12 also depict the effectiveness of the estimator for rapid 

convergence to the actual values despite large initialization errors. 

Figure 13. Time history of external disturbance force estimation according to RBF-NN 

approximator 

Apart from accurate estimations of the terrain properties, we would also like to assess the 

extent to which the disturbance observer is capable of predicting the external 

disturbances, such as forces acting on the robot, to achieve a robust path-following 

algorithm. For this purpose, an exponentially-decaying and slowly varying harmonic 

force disturbance (peak force= 150 N) is imposed on the wheeled robot cg (Figure 13). 

This figure also shows ±10% error margins about the disturbance, together with the 

estimated values obtained from the RBF-NN approximator. It can be seen that the 

estimated disturbance follows the actual disturbance very closely throughout the 

simulation. The accurate identification of the external disturbance guarantees that the 

control signal will be able to compensate for the adverse effects immediately. 

Finally, Table 3 compares the path-tracking performance of the proposed control 

algorithm to follow the planned trajectory with those obtained from the type-2 fuzzy and 

GWNN adaptive controllers, reported in (Taghavifar & Rakheja, 2019b) and (Nguyena et 

al., 2019), respectively, in terms of the rms measure: 

1 𝑇 
𝑟𝑚𝑠 (𝑖) = √ ∫ (𝑖(𝑡) − 𝑟𝑖(𝑡))2𝑑𝑡 𝑖 = 𝑋, 𝑌 (46)

𝑇 0 

where 𝑟𝑖(𝑡) represents the time-varying reference trajectory for the robot in X- and Y-

directions, and T is the simulation period. Although both the benchmarking algorithms 
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are capable of following the intended trajectory, the nonsmooth sliding surface, and 

sluggish convergence rate in the reported techniques revealed substantially higher 

overshoot when compared with that observed for the proposed algorithm. The proposed 

RBF-NN approach results in an improvement in the global tracking error as defined in 

(46) when compared with benchmark models with 66% and 46% in X-direction, and 18% 

and 50% in Y-direction, respectively, in a relatively short simulation time. 

Table 3. Comparing the effectiveness of the proposed control against other algorithms 

Control Algorithm rms X-direction 

(m) error 

rms Y-direction 

(m) error 

Time (s) 

Proposed Algorithm 0.07 0.09 5.42 

Type-2 Fuzzy (Taghavifar & 

Rakheja, 2019b) 

0.13 0.11 5.16 

GWNN Control (Nguyena et al., 

2019) 

0.21 0.18 6.03 

6. Conclusions 

This paper considered development of a framework for optimal path-planning and 

following of autonomous robots operating on deformable terrain with unknown 

properties. Initially, a Chaos-enhanced Accelerated Particle Swarm Optimization 

(CAPSO) algorithm was developed for the optimal path-planning phase by ensuring the 

shortest path that guarantees at the same time the safest solution in terms of risk of 

collision. Drawing on terramechanics theory, the forces and moments generated in the 

robot-environment interaction were developed. Subsequently, kineto-dynamic model of 

the robot was developed to design a novel robust control algorithm based on exponential-

integral-sliding mode scheme and an RBF-NN observer. Results obtained in the 

simulations, revealed that the proposed framework is responsive and robust to withstand 

the adverse effects of structured and unstructured uncertainties using the designed 

adaptation law according to the Lyapunov stability theorem. The effectiveness of the 

proposed approach was further investigated compared to two state-of-the-art techniques. 
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