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Mobile robots are increasingly used in dynamic and cluttered environments,
where efficient navigation, task execution, and energy management are
critical. This study presents a hybrid Al-driven mobile robot navigation
framework that integrates multi-objective task scheduling, reinforcement
learning—based path planning, and model predictive control for trajectory
tracking. A hybrid Sparrow Search—-Bat Optimization method is employed
to generate energy-efficient task scheduling, while a Deep Q-Network is
used for collision-free path planning in dynamic environments. Obstacle
detection and avoidance are supported using transformer-based deep
learning models for environment perception, and a recharging strategy is
included to support continuous operation. The proposed approach is
validated through simulation studies in dynamic navigation environments

Dynamic Obstacle Avoidance and comparative analysis with existing optimization techniques. energy-
efficient task scheduling. The results indicate improvements in navigation
efficiency, reduced energy consumption, and higher navigation success
rates (up to 97%), indicating the effectiveness of the proposed framework

for mobile robot navigation applications.
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1. Introduction

Motion planning for mobile robots has attracted significant interest due to its wide range of
applications in social and industrial environments [1]-[4]. Advances in digital electronics and
computing have enabled increasingly autonomous robotic systems that integrate artificial intelligence
techniques [5]. Finding an appropriate collision-free path from the start position to the target location
is important for the mobile robot to navigate in situations when obstacles are present [6]. The
navigation path should be optimal or nearly ideal in terms of time, distance, energy, and smoothness
throughout the robot motion sequence, which among the most desirable criteria is the minimum
length. Mobile robot movement planning has been a developing field for the past forty years [7], [8].

A fundamental method of autonomous mobile robots, path planning is currently a hot topic in the
field of mobile robot navigation development. Path planning may be divided into two categories based
on the objectives and environments: local path planning and global path planning [9]. Researchers and
academics have investigated the Global Path Planning (GPP) for known environments in detail [10]-
[12]. Consequently, one of the most popular methods in use today is the optimized algorithm, which
is a very efficient way to find the shortest path over a grid map. However, when a robot tracks this
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planned course, it is not favorable to reducing collision risk since the path prepared by the standard
algorithm is next to obstacles [13], [14]. Complex applications with human interaction in working
circumstances, moving robots, or unexpected barrier appearance are in greater demand these days
[15]-[17]. Currently, the dynamic environment is made up of moveable impediments, such as humans
or robots. Since then, there has been a lot of interest in the camera application-based solution to the
"Navigation" problem since it can overcome the drawbacks of the conventional line-detecting
technique and also offers the capability to optimize the path [18]. Furthermore, the robot's working
environment is typically a warehouse or small space, thus it must have a flexible operation that allows
it to follow a predefined path and avoid any moving impediments without deviating from the safe
planning path [19].

As a result, many conventional studies and methodologies are currently in use, with a primary
focus on autonomous path planning over mobile robots in situations where the environment is static,
mapped, and barrier positions are taken for granted [20]. Due to these approaches' time-consuming
creation and upkeep of the dynamic environment map, the prediction's accuracy is low [21]. The
primary issues with mobile robot planning for movement are computing complexity, adaptability, and
choosing the best navigation path, which prevents scenarios like dead ends and guarantees safe and
successful travel [22]. The scientific community has always looked for a different, more efficient way
to approach these issues. Path planning is amenable to optimization, namely in terms of shortest
distance, within specific constraints, such as specific circumstances and collision-free conditions [23],
[24]. Recent advances in mobile robot navigation have increasingly incorporated deep learning,
reinforcement learning, and sensor fusion techniques to improve perception, decision-making, and
robustness in complex environments [25]-[30].

Robot route planning is one area where Deep Reinforcement Learning (DRL), a significant
machine learning technique, is seeing an increase in interest and applications [31]. By trial and error,
the agent learns by exploring its surroundings and gaining knowledge. Path planning benefits greatly
from the DRL technique, which also requires less environmental knowledge beforehand [32]-[36].
While conventional DRL approaches such as DDPG and TD3 learn reactive control policies, they
often struggle to capture long-horizon dependencies in sequential navigation decisions; the Decision
Transformer addresses this limitation by modeling navigation actions using trajectory-level context
and sequence learning mechanisms [37]-[40].

This study suggests a mobile robot tracking system driven by Al that is intended for dynamic
decluttering purposes. Reinforcement learning will be used for adaptive path planning in dynamic
situations, Multi-Objective Optimization will be used for task planning, and Deep Learning (DL) will
be used for environment perception. The goal of this work is to create a reliable, effective, and flexible
method for automating decluttering chores.

The creation and assessment of a mobile robot navigation system driven by Al for dynamic
decluttering applications is the main goal of this work. This comprises:

e  Constructing a DL model to perceive the surroundings and recognize objects.

e  Using Multi-Objective Optimization approaches to schedule tasks and arrange paths while taking
energy consumption, path length, and decluttering efficiency into account.

e  Educating an RL agent that plans collision-free routes while adjusting to unforeseen impediments
in dynamic situations.

e combining path tracking with motion control techniques to enable precise and fluid robot
motions.

e creating a reliable system that integrates robot recharging into the task schedule.

The paper is organized as follows: Section 2 reviews related works; Section 3 presents the
problem statement; Section 4 describes the system model; Section 5 details the proposed
methodology; Section 6 presents the results and discussion; and Section 7 concludes the paper.
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The research contribution of this study is the development of an integrated framework that
combines multi-objective task scheduling, reinforcement learning—based path planning, and energy-
aware navigation strategies to improve the efficiency and robustness of mobile robot navigation in
dynamic environments.

2. Related Works

Utilizing a three-wheeled mobile robot, Le Duc et al [41] suggested an efficient real-time
adaptive obstacle avoidance system based on Q-learning in the actual environment. Initially, the Q-
learning process is simulated, and then, using trained data, the Q table result is applied to the actual
mobile robot to enable it to carry out the task in the actual scene. The outcomes are contrasted with
the intelligent control approach for scenarios involving both static and dynamic impediments. By
conducting trials, the findings demonstrate that the mobile robot performs better to achieve the target
position.

In an environment with erratic obstacles, Hongxia et al [42] have presented a robot route planning
strategy that employs an expanded dynamic window approach and the improved A* algorithm to
address the issue of failing along the planned path. The search point selection technique and evaluation
mechanism are optimized in the re-vised A* algorithm to increase its effectiveness. This paper
proposes an online path planning technique that combines improved dynamic window technique and
GPP information to enable local obstacle avoidance.

Fatma, et al [43] propose a novel robotic system designed for the use of emergency scenarios and
hospital settings when saving human life and taking immediate action are critical. The framework is
primarily concerned with the accurate and timely distribution of pharmaceuticals or medical supplies
inside a designated region, all the while preventing robot collisions and other obstructions. The
proposed reinforcement learning-based route planning system (RPA) collects and transmits data
between medical robots and human physicians, thereby optimizing medical services.

Ravi, et al [44] gathering information for surveillance purposes is a multi-objective optimization
problem with time and energy restrictions. Three primary goals are taken into account when collecting
data for this study. This approach proposes an intelligent particle swarm optimization (PSO) strategy
which establishes fitness value by reducing the optimization problem for reaching the shortest path
for MR navigation. Comparing the simulation results with various benchmark functions produced for
PSO, it is clear that this PSO-based technique can realize high accuracy and fast convergence.

Tianrui and colleagues [45] have investigated hybrid path planning schemes to address the
shortcomings of a single robot's task execution capacity. To start, a better PSO with a GPP model is
suggested as a remedy for the inadequate effectiveness of robot path planning. To enhance the
conventional artificial potential field (APF) technique, a multi-robot formation local route planning
model is built using a simulated annealing algorithm. The proposed method can improve the path
exploring and handling performance of robot formation.

A comprehensive strategy of DRL for independent mobile robot navigation in an unfamiliar
environment is put forth by Min-Fan et al [46]. The authors suggest two forms of deep Q-learning
(DQN) agents, namely DQN and double DQN (DDQN) agents, to allow mobile robots to learn about
collision avoidance and navigation. When navigating an autonomous mobile robot in an unfamiliar
area, a deep neural network model is used to recognize the target object. The DQN and DDQN
technique is then used to navigate to the target object. In the test training, the DDQN agent performed
5.06% better than the DQN agent in finding the target object location.

Shumin et al [47] suggested an obstacle avoidance technique called the Trans-formable and Self-
reconfigurable Omni-Directional Robotic Modules (STORM), to operate safely and intelligently in
an unfamiliar environment. This study also presents a well-thought-out hardware and software
framework with features that allow for future extension and parallel development created for the
ongoing STORM programs. In addition, detailed tests and experiments carried out in both simulated
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and real-world environments are described, along with comparisons between several training runs of
the neural networks with various parameters.

Xunyu, et al [48] introduces a novel hybrid path planning technique that combines the adaptive
window technique and the A* algorithm to perform real-time tracking, GPP, and obstacle avoidance
for mobile robots. First, the risk expense and distance cost can be more easily calculated with the help
of a safe A* algorithm. Second, to minimize the number of grid nodes required for efficient path
tracking, important path points are taken out of the planned path produced by the safe A*. Ultimately,
real-time motion planning with an adaptive window technique is utilized to accomplish both key path
point switching and instantaneous path tracking and obstacle escaping.

A navigation control methodology is proposed by Nayab, et al [49] which utilizes a hybrid
concept of grey wolves’ optimization (GWO) algorithm and an APF method for on-time path planning
of mobile robots. The proposed methodology runs in two folds. The first fold defense is the focus
region (FR), which shows the obstacle-free lo-cations of all possible robot movements. In the second
fold step, the GWO algorithm searches the shortest path by minimizing the APF value of the location
generated within FR.

3. Problem Statement

Among the shortcomings of earlier research is that it attempted to apply an objective function,
such as the quickest and/or smoothest path in a dynamic or static environment, without considering
robot size. Furthermore, grid-based environment modeling wastes space and is rigid in dynamic
contexts [50]. Inspired by the advantages and disadvantages of the previously mentioned research,
this paper offers a collision-free shortest-path planning method that takes into account the size of the
obstacles in the algorithm for routing and fits in both static and dynamic environments. The
environments under consideration are modeled using a free-space modeling approach. One of thean
important study subjects is obstacle avoidance for mobile robots to move from a start position to the
intended target. This challenge remains an open problem in mobile robot research. Numerous
problems plagued the traditional obstacle avoidance method in the dynamic, complicated
environment. The flexibility and resilience needed for dynamic cleaning tasks are frequently lacking
from existing mobile robot navigation technologies [51]. Manual design of obstacle avoidance and
path planning is time-consuming and inefficient to manually design obstacle avoidance and path
planning, particularly in surroundings that change frequently. Furthermore, conventional path
planning algorithms might not maximize certain goals, such as energy conservation and clutter
reduction effectiveness. This study offers an innovative strategy that incorporates the following to
address these limitations.

*  Deep Learning for analyzing the surroundings and recognizing objects in real-time.
*  Multi-objective optimization to plan and schedule tasks more effectively.

*  Adaptive navigation in changing circumstances with unforeseen obstacles using reinforcement
learning.

4. System Model

The structure of the mobile robot is a wheeled device with a small caster wheel at the bottom and
two separate primary wheels locked on the same axis up front. A ceiling-mounted RGBD camera is
mounted at a height of 0.85 m above ground level. An overview of the robotic system is shown in Fig.
1.

The intended shortest-length path planning's computed desired location and orientation posture
are shown by Ry = [X4, Yy, $4]". The coordinate R = [X, Y, ¢]" is the real position and orientation
as determined by the sensors mounted on the robot. A control mechanism is put in place to track the
path that the suggested path-planning strategy creates to verify the algorithm. The locations of barriers
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and other details about the immediate surroundings are gathered using computer vision techniques.
To create the map that the suggested path planning method will use, this information is necessary.
After creating an obstacle-free path between the starting location and the goal point, a kinematics
controller helps the robot maintain the path by producing the instantaneous linear & rotational velocity
(V1 and I,). This is done using the most recent readings of the robot's instantaneous attitude about the
origin frame.

. —_—
Desired X

trajectory
R, = [Xd’xz,@]h

ty

Fig. 1. Overview of the robotic system

5. Proposed Methodology

The overall hierarchical architecture of the proposed framework is illustrated in Fig. 2. The
system is organized into distinct layers to ensure modularity and control clarity. At the mission level,
the task scheduler performs multi-objective optimization using the Hybrid Sparrow Search and Bat
(HSSB) algorithm to determine the optimal task sequence. The decision layer consists of the DQN,
which generates discrete navigation actions toward the scheduled task goal. The Decision Transformer
operates as an obstacle-aware refinement module, adjusting motion decisions under dynamic
environmental conditions. These decisions are filtered through dynamic window—based feasibility
constraints before being executed by the Improved Model Predictive Control (IMPC) module, which
produces the final steering command. The recharging module supervises battery status and
temporarily overrides mission execution when energy falls below a predefined threshold. This layered
design ensures structured signal flow, stability, and physical feasibility.

Real-time feasibility: Inference is performed once per control step, and the IMPC executes at the
control sampling rate. The overall latency depends on the selected onboard compute hardware and the
chosen sampling time; hardware timing benchmarks are left for future work.

5.1. Task Scheduler

Create an effective work plan by using Multi-Objective Optimization strategies to minimize
energy consumption, robot idle time, path length, job completion time, and overall task completion
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time. Utilizing the hybrid optimization technique, the method of optimization looks for a set of results
that reflect trade-offs between these competing aims.

5.1.1. Hybrid Sparrow Search and Bat (HSSB) Optimization

In the proposed framework, task scheduling is formulated as a multi-objective combinatorial
optimization problem involving task order, path efficiency, and energy consumption. This structure
resembles routing and scheduling problems such as Traveling Salesman—type formulations, which are
generally NP-hard; therefore, the Hybrid Sparrow Search and Bat (HSSB) algorithm is employed to
efficiently obtain near-optimal solutions in dynamic environments [52]-[54].

MISSION LAYER
Task Scheduler (HSSB + Multi-Objective Optimization)

h 4

DECISION LAYER
DQN Path Planning

h 4

Decision Transformer
(Obstacle-Aware Action Update)

h 4

CONSTRAINT LAYER
Dynamic Window Constraints

l

CONTROL LAYER
Improved Model Predictive Control (IMPC)

h 4

ACTUATION
Robot Steering and Motion Execution

L J
Side Module: Recharging Module
(Battery Monitoring and Energy Management)

Fig. 2. Hierarchical architecture of the proposed robotic navigation framework

Develop a mathematical framework to build the algorithm for finding sparrows based on the prior
sparrow description. The sparrows emit frightening chirps as soon as they identify the predator [55].
The producers must guide all scavengers to a safe location when the alarm value exceeds the safety
threshold. Every sparrow has the potential to become a producer if it looks for additional food sources
of information, but the share of producers and scavengers in the population remains constant. The
producers would be the birds with the highest energy. To obtain additional energy, several famished
scavengers are more likely to take to the skies in search of food. The scavengers hunt for food by
trailing the producer who can offer the best food. The following Eq. (1) can be used to illustrate the
sparrows' positions:
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Xi1 X2 .. Xig
X = Xo1 Xz2 - Xog (1)
Xer Xz - Xea

Let, kis denoted as the number of sparrows and d displays the dimension of the factors that need
to be adjusted. Then, the subsequent vector can be used to express the overall sparrows' fitness number
in Eq. (2).

f:).(:.l,l le,Z e le,d
fr=|Toa [ o o 2
K fHz o fReal

Each row's value in fX symbolizes the person's level of fitness. In the search procedure for food
in the SSA, producers with higher fitness levels are given precedence. Furthermore, it is the producers'
job to look for food and direct the population's movement. As a result, producers have access to a
wider variety of locations for food hunting than do scavengers. The producer's position is updated as
follows during each iteration by Eq. (3).

—i
o [T (n) i <
%} = l,i.exp 5.1, if (r; <s¢)

Xli+G.U if(ry, = sp)

3)

Let, t indicates the current iteration, j = 1,2,3,....d. X f ; symbolizes the worth of the j th gize of

the i*” sparrow during the repetition t. I, is the constant that has undergone the most iterations. & €
(0,1) is denoted as a random number. 7, (7, € [0,1]) and s.(s; € [0.5,1.0]) Indicate the safety
threshold with the alarm value. G is an arbitrary number that follows the normal distribution.
Udisplays a matrix of 1 X d which each internal element is 1. When r, < s;, indicating the absence
of predators, the producer switches to wide searching mode. If 1, = s;, it indicates that a few sparrows
have found the predator, and the rest of the sparrows must immediately fly to other secure places.

Regarding the scavengers, they must uphold regulations. As was already established, some
scroungers keep a closer eye on the producers. They instantly abandon their current position to battle
for food as soon as they learn that the producer has discovered nice food. If they triumph, they can
immediately take the food from the producer; if not, they must continue following the guidelines. In
this phase, update the velocities of bats I7it for enhancing the search space process [56]. The following
is an explanation of the scrounger's position update using Eq. (4).

Xl?vorst -X ;t Jj o . , k
G.exp (1—2 + V¢ if (l > 5)
Xot+ X K+ WU+ Vi otherwise

vi+1l
Xij~ =

“)

Let, X ,',p is the ideal position that the producer holds. X,,,,s; indicates the worst place on Earth
right now. W depicts a matrix of 1 X d This assigns a random element within each 1 or—1,and W* =
Wwt(wWw?t)~1, When i > g, It implies that the i*"Scroungers with the lowest fitness rating are
probably starving. The velocities of the bat are determined using Eq. (5).

VE=V (X=X 5)

Let, )?l-t is denoted as a new search space solution for the bats, X, is considered the current global
best solution, f; is denoted as frequency. These birds' starting locations are chosen at random from the
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population. This phase involves updating the new solution Ynew for each bat for the local search
portion. A local random walk is used to produce the new solution for each bat after a solution is chosen
from the existing pool of best solutions. The mathematical framework can be represented as follows
in Eq. (6).

Khest + a. (XEj = Khoot) + Xnew i (f1 > f9)
Xt =2 Xr. — Xt - ,
v XE]' +H. (%) + Xnew if(fl = fg)
Let, X, is the stage size control variable, and the current global ideal location is an arbitrary
number distribution having a mean of 0 and a variability of 1. H € [—1,1] is considered a random
number. Here f is the current sparrow's fitness value. f9 and f7 are the finest and poorest fitness
values, € is the minimum constant necessary to prevent a zero-division error. For ease of
understanding, when f! > f9shows that the small bird is at the group's boundary. X,s.symbolizes
the location of the population center and the area that is safe around it. f* = f9 demonstrates that the
middle-sized group of sparrows is aware of the threat and needs to go closer to the others. H is both
step by step size control coefficient and indicates the direction of the sparrow's movement.

(6)

5.1.2. Energy Consumption Model

Saving Energy in Mobile Robots: It is imperative for mobile robots to effectively manage their
energy usage when operating alone and in teams. Due to unequal allocation of energy, a group of MRs
working on a job may never be able to complete it or may grow less tolerant of unfavorable
circumstances that arise while the task is being completed. Since the MR uses a variety of sensors for
a range of actions, the energy usage differs based on the behavior. The energy used by MRs' sensors
and motors has a major impact on their energy level. The total energy capacity of an MR, or the amount
available once its battery is fully charged, is a fixed amount. The quantity of energy left (e,-) Following
completion of MRs' surveillance assignments is computed using Eq. (7).

er = (ei - eu) (7)

Let, e; is what MR's starting energy with a fully charged battery, and e, is the total amount of
energy expended while monitoring.
5.1.3. Information Density Model

Information density: Users will probably be able to estimate the unknown quantity for further
coordinate locations in the area of surveillance by utilizing the density measurement of discrete
information. The fitting approach is appropriate when working with discrete data. The process of
fitting involves creating a mathematical function that most closely matches a set of discrete data
points. The link between is where the minimizing difficulty originates f(a, b)and o in Eq. (8).

feny

min Z f(ag bg) — o (®)
q

The function for data dispersion is denoted by f and acquired from I12. Let's take that into
consideration n points reachable from specific places (aq, bq)in R% , where g € {1,2,3,....,n}. The
information density is o, for the region of it"grid. The importance of f(a, b)is indicated by f (aq, bq)
within the role (aq, bq)It calculates the given scalar quantities g,.

The information distribution system for the surveillance region is defined as follows: f(a, b) Eq.
(9) provides the amount of information, and the total surveillance area is indicated by Ej.

E, = Jfa f(a, b)dadb ©)
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Let, a, is the region including the whole surveillance area. Eq. (10) Shortcuts the amount of data
collected by the MR:

D = ;f(ai’bi) Sty (10)

Srt; displays the monitoring area's search area 7;.

5.2. Path Planning and Motion Control

In a simulated setting, teach a Reinforcement Learning agent (Deep Q-Network (DQN)) [57] to
plan courses that avoid collisions while taking into account dynamic barriers and optimizing for many
objectives. Multi-objective optimization in reinforcement learning might entail learning rules that
strike a balance between goals like optimizing navigation speed, lowering collision risk, and using the
least amount of energy. Every iteration of an RL-based agent provides the action to be performed in
the environment after receiving two inputs: the state and the reward. The following provides a detailed
description of the state, action, and reward utilized by mobile robot path planning utilizing DRL in
unknown situations. Reinforcement learning is employed because classical planners struggle in
unknown and dynamic environments where obstacle configurations change over time. The DQN
enables adaptive decision-making through interaction with the environment and reward shaping,
allowing the robot to optimize speed, safety, and energy consumption simultaneously.

State: A state is an environmental observation that explains the circumstances of the moment. This is
significant to the agent since it would compute and respond based on the condition. Of the 29 states,
24 have laser distance sensor (LDS) values. The remaining five are the following: the angle to the
target object location, the distance to the closest obstacle, the assurance of the recognized target object,
and the travel distance to the goal and closest obstacle. Eq. (11) expresses the state.

S(t)=l1+C1+d1+a1+d2+a2 (11)

Let, s(t): state; [;: LDS (24 values); c;: confidence of the detected target object (1 value); d;:
distance to the goal (1 value); a;: angle to the goal (1 value); d,: distance to the nearest obstacle (1
value); and a,: angle to the nearest obstacle (1 value).

Action: Action is what an agent can do in each state. The mobile robot has five actions that it can act
on depending on the type of state. The mobile robot has a fixed linear velocity of 0.15 m/s and the
angular velocity is determined by the action. Initially, the agent knows nothing about the environment,
so the agent cannot distinguish between the actions in the starting state in the first episodes.

The choices the agent makes determine the information it gathers and, consequently, the
information it can learn from. Our agent's policy can be described as a function that accepts states and
returns actions, as shown in Eq. (12).

A = f(s(®) (12)
where A(t)is denoted as action; fis denoted as function and s(t)is considered a state.

Reward: Rather than aiding in the agent's prediction-making process, reward serves as a means of
reaching a decision. A reward is a function that, for an agent in a given state and action, returns a scalar
number that represents a positive reward along with a negative reward (penalty). The incentive gauges
how effective it is to carry out a particular action for a particular state. Based on the incentives obtained
for different state—action combinations, an agent modifies its policy. In general, some acts are
rewarded positively to promote them, and other actions are discouraged by penalties. A thoughtfully
created reward serves as the agent's guide to optimize the cumulative reward.

The mobile robot and the target object position in the training simulation are initially set to (0, 0)
and random locations, respectively, at the beginning of the first program in the training phase of the
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simulation. When the mobile robot finds the goal object, it will begin exploring its surroundings in

quest of it and will be rewarded with 0 before it does. The DQL agent gets paid 500 right away after

identifying the target item with a confidence value higher than the minimum. Next, the reward

function (r(0)) for an angle can be obtained using Eq. (13) from the angular direction.
depo) {> 2, d.<d, }

d) = 24 = 13
r(d) ! [1,2] otherwise (13)

A: a function of the angle between the moving robot and the objective; d.: current separation
from the objective; dg: total separation from the objective. The mobile robot's angular direction
indicates whether or not it is facing the destination directly. For example, the angle is 0 if the robot
turns exactly toward the goal (6 = 0) and the activity is equivalent to A(t) = 2. Arobot's action varies
by the angle it rotates in, which varies from 0 to positive 180 when it rotates in a clockwise motion
from the objective, and in the opposite direction, which varies from 0 to negative 180 when it rotates
counterclockwise from the objective. Depending on the angle between the robot and the target, the
action taken by a block of lines tells what needs to be done. The robot's angular direction towards the
goal is explained by Eq. (14).

I
2

Let, A(t)is denoted as action; 6 is considered as the angle between the objective and the mobile
robot; : is the yaw of the mobile robot. If the angle falls within negative 90 and positive ninety
degrees, the reward is higher or equal to 0, and if it falls outside of those ranges, it is less than 0.

Additionally, the reward system (r(d)) for the distance can be obtained using Eq. (15) based on the
linear direction.

6= +A(t)+g+1lj (14)

-1 1
r(0) = 5 x 1-40) = =0, 77T<9 <E7T (15)
<0, otherwise

The robot's progress to the destination is shown by the linear direction. Equation (12) states that
the reward from the distance is over two if the current location of the goal is less compared to the
absolute distance to the goal, and less than or equivalent to 1 if the current separation from the goal is
higher or equal to the unconditional distance from the goal. The DQL agent's development is directed
by the reward function in Eq. (16).

r(t) =r(d) +r(6) (16)

Let, r(0) : angle reward; r(d) : distance reward; and r(t): reward. The reward function for multi-
objective reinforcement learning consists of the weighted average of the individual objectives. It
establishes the reward function for the developed model as detailed in Eq. (17).

r(t) = Wy.r(speed) + W,.r(collision) + Ws.r(energy) 17)

Let, r(speed) is denoted as the maximizing navigation speed reward, r(collision) is the
minimizing collision risk-reward, r(energy) is the minimizing energy usage reward, and W;, W,,
and Wj; are the weights attributed to every goal.

Ultimately, as the mobile robot approaches the (goal) target object position, the DQL agent is
rewarded with 100, and it incurs a penalty of -100 if it goes further away from the desired object
location or runs into obstacles. The DQN method is a method for approximating the value function
via a neural network. The neural network's weight is changed to approximate the ideal value function.
The parameters are modified by the update value function. The parameters are set once the neural
network training is finished, and the associated function value will remain constant. After that, the
training phase converges. The Eq. (18) for the location updates is:
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Q(s(t), a(t)) = Q(s(t), a(t)) + a[r(t) +ymaxg ) Q (s(t + 1), a’(t)) - Q(s(t), a(t))] (18)

a is denoted as the learning rate, y is considered a discount factor, r(t) is denoted as an immediate
reward, and s(t + 1) is seen as the subsequent state of the following action a(t). In practice, the
sample velocity range must be constrained by the mobile robot's limitations as well as external
constraints, even though there are an endless number of groups in the velocity space. The following
Eq. (19) Expression for mobile robot speed constraints:

Sm = {(s,€)|s € [smaxmin, e € [emaxm,]1]|} (19)

The speed restriction of the mobile robot resulting from the motor's addition and subtraction
limitations can be computed in the dynamic window's moving period using the following Eq. (20).

Sa =1{(s,e)|s € [s. — §pAt,s. + §,4t], e € [e. — é,At, e, + é,At]|} (20)

Let, s, and e, denote current speed, $,; and é, indicate the mobile robot's maximum acceleration.,
$p and €, indicate the mobile robot's greatest deceleration. The mobile robot's safety must be
guaranteed when avoiding impediments in its immediate surroundings. The speed can be lowered to
0 m/s before contact under the maximum deceleration constraint; this deceleration constraint is stated
as Eq. (21).

S, = {(s, e) |s < (2d(s, €)8,)7, e < (2d(s, e)éb)%|} @1

Let, d(s, e) indicates the shortest path between the two trajectories (s, e) and the obstacle. When
the device is in a condition s(t), After determining the maximum value of the related actions in that
state, the robot will take the appropriate action and modify the information in that cell Q (s(t), a(t)).
Continue until the robot has mastered the rules (via the Q-table) to enable it to avoid obstacles in a
variety of scenarios.

5.3. Path Tracking System

Improved Model Predictive Control (IMPC) is used in this phase to follow the course accurately
even in the presence of small disruptions. A mobile robot has to make decisions at every sample time
because the traffic and road conditions are always changing. In addition, the MB can only be used
inside the legal limits of the road. As a result, route following controller design is based on the MPC
approach. The sideslip angle, yaw rate, and yaw angle are among the pertinent states that are taken to
be directly retrieved by an RT3002 onboard sensor unit in this publication. Global Positioning System
(GPS) signals allow for immediate measurement of the vehicle's position. There is no consideration
for the actuator's management, or the steering motor. It is vital to forecast the vehicle's potential output
states to reduce the lateral mismatch between the current position and the intended lateral position.
The current plant data is provided by the vehicle states and can be obtained through assessment. The
IMPC framework is selected to ensure robust trajectory tracking under dynamic disturbances and
model uncertainties. By incorporating prediction and control horizons, IMPC anticipates future system
states and minimizes lateral deviation while respecting actuator constraints.

Assuming that the time ¢; t > 0; The current vehicle variables can be used to anticipate the
future dynamics of the vehicle, and the prediction horizon is p;, as the optimization window's duration.
The sample time and prediction horizon can be used to calculate the predictive steps. Assumed to be
the control horizon, the predictive horizon benefits greatly from the control action c,. The control
horizon & sample duration can also be used to compute it. The correlation between the control horizon
& the predictive horizon is p;, = c¢;,. Assume that the stage of prediction is P and that the stage of
control is C. This indicates that following a time step, the control input stays constant. C, that is
u(t+C)=u(lt+C+1)=....=u(t + P — 1)Furthermore, presuming that throughout the
prediction horizon the longitudinal velocity remains invariant. In this instance, given the mobile
robot's present conditions, the \following C future output states can be anticipated using Eq. (22).
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x(t+1/t) 2 Wex(t) + Wyyu(t) + Wypn(t) -
y(t+ 1/t) 2 W,x(t) + W,u(t) + W,n(t) 22)

One of the control demands is to make the mobile robot journey as precisely as possible toward
the road's centerline. From this, the formulas for the vectors and matrices in Eq. (22) can be inferred.
Accordingly, the reference input sequence that defines the system's desired outcome is defined as
follows in Eq. (23).

r(©) = [f (Xroadq.e) f (¥roadeer)s o f (roaaer—1)] (23)

Let, f (xmad,f)r i_l)is derived from the centreline’s discretization. Then, reduce the gap between
the expected output and the road centerline to guarantee that the vehicle conforms to the road
centerline while staying inside the designated viable region. Particularly, the mechanical method's
restrictions limit the steering motor's conceivable operations. Furthermore, the lateral and longitudinal
distances traveled in a single sampling interval can be written as Eq. (24).

Ax,(t+0) =v(t).n, Ay, t+i) =y,(t+i—1),i=1,....P (24)

The mobile robot may reduce its energy consumption if it can find the shortest path among every
pair of points in each predicted interval. To minimize driving routes, weighing criteria are included.
Consequently, the following multi-objective cost function for path tracking is obtained using Eq. (25).

Q = |5, (vt + 1/6) = r®)||” + ILu@)I? + Z G (1Ax, (£ + DI + 14y, (E + DII?) (25)

i=1
Let, I}, and I, are the matrices used for weighting and [, ; are the variables used for weighting.

Limiting the front end's lateral locations helps prevent collisions with the road's edges (f) and rear
end () of the MB to stay inside the designated driving lanes in Eq. (26).

FO<y@®<f@i=f7 (26)

The connection involves the front end's flateral position and the vehicle, rear-end #, and the
following is how the expression can be explained in Eq. (27) and (28).

yi®) =y (@ +sin( + a) (6) (27)

yr®) =y (&) +lzsin(® + a) (¢) (28)
Let, y is considered as the vehicle's lateral position at the CoG; yz and yris denoted as the front-

end and rear-end lateral position of the vehicle; ¥ is considered as yaw angle; and « is denoted as
sideslip angle. Next, the connections between y, f, # can be made simpler using Egs. (29) and (30).

yi® =y @O +ls@+a)®) (29)

@)=y O +1ls@+a)(t) (30)

The actuator's properties, namely the ranges within which the steering angle and steering rate are
feasible, must be taken into account to produce a workable control input using Eqgs. (31) and (32).

6f(t + 1)fmaxfmin (3 1)

S+ D (32)
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Let, 46#(t + 1)is denoted as control increment; 67, . the greatest steering angle of the front
wheels; and 87 is the minimum front wheel steering angle. After resolving the aforementioned

optimization issue, the initial component of the ideal control sequence u(t) is used with the
automotive system. Therefore, at that precise moment t, Thus, a state feedback control law is created
using Eq. (33).

2 = [1,0,....,0]u(t) (33)

Let, iy is the best vector for the angle of the front wheel steering and acts as a control signal for
the MB. The forecast horizon is advanced by one interval at the subsequent time instant, and the
optimization issue is resolvable with the recently captured process measurements.

5.4. Obstacle Avoidance

Obstacle recognition is performed using real-time environmental observations obtained from the
Laser Distance Sensor (LDS) and RGBD-based depth mapping. The LDS provides 24 directional
distance measurements, while the RGBD sensor contributes spatial depth information to estimate
obstacle proximity and free-space regions. These sensor readings are integrated into the state
representation of the DQN and Decision Transformer modules to enable environment-aware decision-
making. Conditional action generation, in which the output action is dependent on the intended future
rewards denoted by the reward-to-go (RTG), is the fundamental concept underlying Decision

Transformers (DT) [58] using Eq. (34).
T
R= )R (34)
t'=t

Let, t and T consist of the final phase of time and the present time step. A series of RTGs, findings,
and actions are fed into the DT. This series is known as a trajectory ¢and is expressed in Eq. (35).

¢ = (,a0,00,.-... Ti,0¢) (35)

The output sequence's ground truth is a, . Then choose cross-entropy ., because employ discrete
activities for lost function training. The greatest collected reward for the task is estimated to resemble
the true RTG, which is unknown at inference time. Then utilize the detection rating since the greatest
reward for every single step, the initial RTG setting 7}, to the duration of an episode T. Next, the true
reward received at each stage is subtracted to update the RTG 7., =7, — R;.

Batch sampling via the data buffer is necessary for DT training since it adheres to the same
methodology as supervised training. The duration of the trajectory determines the likelihood of
sampling a single trajectory. To promote exploration and give the model access to a wide range of
samples, sample the data buffer proportionately to the variation of the rewards in the trajectory. Utilize
the variability of the rewards as a tractable proxy because the variance of the states is hard to compute.
In particular, the probability for the i-the trajectory is detailed in Eq. (36).

V(¢:)
Pri =gr—— (36)
bOXTV(s)
Let, n is the total amount of paths used during training. Then include an entropy keyword &,,, to
further improve exploration of the predicted action, leading to the ultimate loss function using Eq.
(37).

§ =¢ce — Aen (37

Let, A is experimentally set as 0.1 to equalize the two training losses. The architecture of the
decision transformer is shown in Fig. 3.
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Fig. 3. Design of DT

5.5. Recharging Module

Design a charge strategy in the work plan that will direct the robot to a charging station when its
battery runs low. Initially, incorporating a recharging technique into an autonomous robot's task
schedule is to continuously monitor the robot's battery level. The operational structure of the robot
establishes a threshold battery level that, when achieved, initiates the recharging procedure. When the
robot does its assigned duties, it determines if there is enough battery life left to finish the mission
and, in case it is needed, to find the closest charging station. If the battery level drops below the
predetermined threshold while the task is being executed, the robot will instantly halt and use path
planning to find the shortest route to the nearest charging station. When the robot reaches the charging
station, it begins to recharge itself until its battery is fully restored. The robot resumes its paused duty
after recharging, thus there is no significant disturbance to its scheduled operations. This tactic makes
sure the robot stays operating at peak efficiency and prevents unplanned shutdowns brought on by low
battery levels, which improves the robot's dependability and productivity.

6. Results and Discussion

The developed model technique is implemented in the Python tool and the performance of the
designed technique is validated with existing optimization techniques such as performance score,
energy consumption, navigation success rate, and total path length. The process of developing a model
to reach the destination is shown in Fig. 4. For fairness, GA, PSO, and ACO were implemented as
global path planners without adaptive local replanning mechanisms. All methods were evaluated
under identical dynamic simulation conditions across 100 independent trials.

6.1. Performance Metrics

The proposed system will be evaluated in a simulated environment with varying degrees of clutter
and dynamic obstacles. Metrics for evaluation will include path length, energy consumption,
navigation success rate, performance score. The developed model is validated with existing
optimization techniques such as Genetic Algorithm (GA) [59], Particle Swarm Optimization (PSO)
[60], and Ant Colony Optimization (ACO) [61]. Path length is evaluated in terms of accumulated grid-
based distance (number of discrete cells traversed), rather than physical distance in meters.

Fig. 5 compares the performance of different methods in terms of path length, measured as the
total number of grid steps. PSO achieved a path length of 136.48, GA reached 170.71, and ACO
obtained 61.87. Under the same simulation conditions, the proposed method resulted in the shortest
path, indicating a significant reduction in travel distance. Path length values were computed over
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successful trials only. Failed trials (due to collision or timeout) were excluded from the path length

averaging.
° i
- The safe path
[l Obstacle ®
@ Start(s)
@® Goal (G)
Fig. 4. Execution diagram of the developed model
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Fig. 5. Comparison of total grid-based path length achieved by each method in the simulated environment

Energy Consumption: Battery usage during the task.

Abdullah A. Algethami (AI-Driven Mobile Robot Navigation with Multi-Objective Task Scheduling and
Reinforcement Learning)



International Journal of Robotics and Control Systems
Vol. 6, No. 2, 2026, pp. 1550-1572

ISSN 2775-2658 1565

Fig. 6 presents a comparative analysis of several procedures concerning their energy use. PSO
uses somewhat less energy than GA, with a value of 8 units, compared to GA's 9 units. ACO displays
a 12-unit higher energy consumption. On the other hand, the Proposed method's energy consumption
of 8 units matches PSO, demonstrating its efficiency in energy use.

Navigation Success Rate: Ability to reach target locations and avoid collisions

energy_consumption

12 1

10 -

energy_consumption

PROPOSED

PSO GA
Method

Fig. 6. Comparison of total energy consumption (battery units) for each method during task execution

The low success rates of GA (5%), PSO (19%), and ACO (6%) are attributed to their non-adaptive
global optimization structure shown in Fig. 7. In dynamic environments with time-varying obstacles,
these methods lack real-time trajectory correction, leading to frequent mission failures. In contrast,
the proposed framework integrates learning-based policy refinement and dynamic feasibility filtering,
enabling robust navigation under changing conditions.

Performance score: A mobile robot's total performance score is a comprehensive metric that assesses
the robot's dependability, efficacy, and efficiency in carrying out its missions or duties. The
performance score is calculated as:

PS = 100(W1L + WzE + W3S), W1 + Wy + w3 = 1 (38)

Where L, E and S denote the normalized path length, energy consumption, and success rate
respectively.

Fig. 8 compares the evaluated strategies based on the normalized and scaled performance score
(scaled to 0—100). GA achieved a score of 95.24, PSO obtained 87.01, and ACO reached 94.36,
indicating comparable performance among these methods. Under the same evaluation criteria, the
proposed method achieved the highest performance score of 99, reflecting improved overall
performance relative to the compared approaches.
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Fig. 7. Comparison of navigation success rates (%) among GA, PSO, ACO, and the proposed method under
identical simulation conditions
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Fig. 8. Comparison of normalized and scaled performance scores (0—100) across the evaluated methods
under the same experimental setup

6.2. Discussion

A triple line graph in Fig. 9 illustrates the effectiveness of an unidentified agent across a hundred
incidents. In the first graph, "Scores over Episodes," a line begins at 0 and rises gradually to
approximately 80 by the 100th episode. This implies that as the agent accumulates experience across
the episodes, its score rises.
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Fig. 9. Overall performance of the developed model with episodes

The line in the second graph, "Path Length over Episodes," starts at 200 and gradually drops to
roughly 50 by the 100th episode. This implies that as the agent accumulates expertise across the
episodes, it is choosing quicker routes to do its assignment. The final graph, "Navigation Success Rate
over Episodes," displays a line that begins at 0 and rises gradually to approximately 1.0 by the 100th
episode. This implies that as the agent accumulates experience across the episodes, it is navigating its
surroundings more and more successfully. Overall, the results indicate that the agent is getting better
throughout the 100 episodes in all three parameters.

Fig. 10 displays performance parameters, such as path length, energy consumption, navigation
success rate, and performance score, for the proposed technique across several criteria. The Proposed
technique exhibits effective navigation strategy with a path length of 13. Additionally, it exhibits low
energy utilization with an energy consumption score of 8, suggesting an energy-efficient navigation
strategy. Moreover, the Proposed technique's improved 97% navigation success rate highlights its
efficacy in achieving planned destinations. With an outstanding performance score of 99, the proposed
technique demonstrates its great performance in all assessed criteria. Overall; the outcomes
demonstrate how well the suggested technique performs when it comes to navigation task
optimization. It can be used to create short, energy-efficient paths with a high success rate, which
makes it a viable method for navigation applications.

From a practical perspective, a navigation success rate of 97% implies that the robot can reliably
complete assigned missions in cluttered environments with minimal collision risk. In real-world
applications such as warehouse logistics or indoor service robotics, this translates to fewer task
interruptions, reduced operational downtime, and improved energy efficiency.
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Despite the promising results, the current study is limited to simulation-based evaluation and
predefined environmental settings. Real-world deployment may introduce sensor noise,
communication delays, and unforeseen dynamic behaviours that were not fully modeled. Future work
will focus on real-world validation, scalability to larger environments, and computational efficiency
optimization for embedded robotic platforms.

Performance Metrics

100 A
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60 -

Values

40 -

20 A

Scores Path Length Energy Consumption Navigation Success Rate
Metrics

Fig. 10. Overall performance of the developed model

7. Conclusion

This study examines mobile robot tracking, global path planning, and obstacle avoidance in large-
scale dynamic situations. A hybrid planning method is presented to address the real-time navigation
requirement, using motion planning for obstacle avoidance and path tracking and the HSSB for global
path planning. Real-time motion planning can satisfy mobile robots' utility needs in expansive,
dynamic situations. Reinforcement Learning is used to create a mobile robot navigation system that
is both reliable and effective, with increased flexibility to unforeseen obstacles and dynamic situations.
The proposed model's results are verified using current techniques, yielding a reduced path length of
13, reduced energy consumption of 8, a high-performance score of 99, and an improved navigation
success rate of 97. Overall, the outcomes demonstrate how well the suggested technique performs
when it comes to navigation task optimization. It can provide short, energy-efficient paths with a high
success rate, which demonstrates its suitability for mobile robot navigation applications. These results
indicate the potential applicability of the proposed framework in real-world robotic navigation tasks
such as warehouse automation, indoor service robots, and autonomous inspection systems. Despite
the promising simulation results, the current study is limited to controlled simulation environments.
Future work will focus on real-world implementation, scalability analysis, and computational
optimization for embedded robotic platforms.
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