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Abstract

Safe and efficient navigation is among the key challenges for sidewalk delivery
robots operating in urban environments. This paper proposes a hybrid path-
planning approach using the global planning capability of the A* algorithm
combined with local obstacle avoidance using the Artificial Potential Field
(APF) method.

Performance tests were carried out in simulated urban scenarios with a
wide range of algorithms. The two most promising ones were A* and APF.
A* brought computation time down to 1.2 seconds, only 8% of the total sim-
ulation time for the computation of a 12.4 km path. It outperforms Dijkstra,
Greedy, BFO, PSO, ACO, and GWO in both path efficiency and cost. APF
managed to avoid obstacles in 5.2 seconds for a 30-minute simulation video,
while other approaches required between 40 and 100 seconds.

Keywords: sidewalk robot, autonomous navigation, path planning, A*,
APF, hybrid approach, last mile delivery robot.
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1.1 Introduction

Sidewalk delivery robots, formally known as Personal Delivery Devices
(PDDs) [3], are small, autonomous vehicles designed to execute the ”last
mile” of delivery, transporting goods like meals and groceries along sidewalks
at walking speed. Their navigation relies on advanced technology, including
GPS, cameras, and sensors, which not only enable the robots to avoid ob-
stacles but also possess potential applications in broader assistive systems,
such as helping blind individuals navigate home safely. The primary motiva-
tion for their development is to offer a cleaner, more efficient, and economical
alternative to traditional vehicle delivery [2], they reduce congestion and pol-
lution as they are battery powered, lower long-term operational costs, and
increase delivery speed and reliability by avoiding street traffic. Furthermore,
they provide a safe, contactless option and assist individuals with mobility
issues [1, 2]. However, their integration faces challenges concerning ensuring
sidewalk safety and accessibility for all pedestrians, especially those with dis-
abilities, alongside concerns about potential congestion, poorly maintained
infrastructure, and privacy issues related to data collection. Despite these
hurdles, the technology continues to expand, and these robots are increas-
ingly common sights in cities and on university campuses [2].

1.2 Thesis organization

This work is structured into five chapters, with each chapter presenting es-
sential information related to the research.

Chapter tow: Background and State of the Art This chapter provides the
theoretical foundation of the project by reviewing the system’s software and
robotic components. It surveys previous work on both global and local path
planning methods. The chapter concludes with a comparative analysis and
critical discussion of existing path planning approaches.

Chapter three: Proposed Approach This chapter presents the main con-
tribution of the project: the development of a new pathfinding solution.
The focus is on selecting effective algorithms for shortest path planning and
obstacle avoidance, and then integrating them into a single robust method.

Chapter four: Evaluation and Results This chapter describes the experi-
mental workflow, including the collection of real-world city data for training
and testing the pathfinding models. It also explains the creation of a video-
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based dataset using camera feeds for detection modules. The results section
presents system simulations, performance visualizations, and quantitative
metrics such as path accuracy, collision avoidance rate, and processing time,
followed by an evaluation of strengths and weaknesses,and showing interfaces
of the web application.

Chapter five: Conclusion This chapter summarizes the project’s achieve-
ments in pathfinding and intelligent navigation. It highlights the limitations
encountered, such as hardware constraints, data variability, and real-time
processing challenges. Finally, it outlines future work directions, including
recommendations for hardware improvements, better datasets, and algorith-
mic enhancements to move the prototype toward real-world deployment.
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2.1 Introduction

Sidewalk delivery robots represent a pivotal solution to the expensive and
environmentally taxing challenge of last-mile delivery. These small, au-
tonomous vehicles, resembling rolling coolers, navigate urban sidewalks at
walking speed using sophisticated sensor suites including cameras, radar, ul-
trasonic sensors, and high precision GPS to safely perceive and interact with
their surroundings [2, 4]. While commercial implementations by companies
like Starship.

Technologies and Amazon have successfully proven the viability of this
technology [5], achieving widespread deployment requires tackling significant
technical hurdles identified in the State of the Art.

2.2 Robot and Web

Getting your groceries is becoming much easier thanks to websites and small
sidewalk robots working together. First, you use a simple website to pick out
everything you need, just like shopping online. After you pay, a message is
sent to the grocery store or a special warehouse where your items are packed
up. Then, a small, self-driving robot is loaded with your order and travels
along the sidewalks to your home, and you can often track its journey on
your phone so you know exactly when it will arrive.

2.2.1 Hardware List for Delivery Robot

To construct a complete autonomous delivery robot, you must begin with
a dual-processor core control system, featuring a high-level processor like an
NVIDIA Jetson Orin Nano Developer Kit running off a high-speed microSD
card (128GB or more, U3/A2 rated) to handle the Robot Operating System
(ROS), sensor fusion, and AI-driven object detection, which delegates real-
time actions to a microcontroller such as an Arduino Mega 2560 or Teensy 4.1
for precise PWM motor control and reading encoder data. This brain per-
ceives the world through a comprehensive sensor suite led by a LIDAR (like
a Slamtec RPLIDAR S1) for mapping, a stereo camera (such as a Stereolabs
ZED 2i or Intel RealSense D435i) for object classification and depth percep-
tion, a high-precision RTK GPS module (requiring both a base station and
a rover unit) for centimeter-level sidewalk positioning, a 9-DOF IMU (like a
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Bosch BNO085-based unit) for stable orientation, and an array of 4 to 8 JSN-
SR04T waterproof ultrasonic sensors for close-range obstacle avoidance. This
hardware is mounted on a rigid chassis built from aluminum extrusion (e.g.,
2020 or 3030 series) and CNC-milled plates, featuring a compliant suspen-
sion system like a double bogie design to ensure its all-terrain rubber wheels
(130mm+ diameter) maintain traction. Propulsion is driven by high-torque
DC geared motors with integrated quadrature encoders, which are managed
by high-current H-bridge motor drivers (like the BTS7960) to handle stall
currents safely. The entire system is energized by a high-capacity Li-Po or
Li-Ion battery pack (typically 4S to 6S, 10,000mAh to 22,000mAh), with
power regulated through multiple DC-DC buck converters and distributed
via heavy-gauge silicone wire (12-16 AWG) using robust XT60 or XT90 con-
nectors. Finally, for safe human-robot interaction and remote operation, the
robot must include physical E-Stop buttons, addressable RGB LED strips
(like NeoPixel WS2812B) for visual signaling, a weatherproof speaker with
an amplifier module for audible alerts, and a 4G/5G LTE modem for remote
telemetry and receiving missions [30].

2.2.2 Software List for Delivery Robot

The software involved in this project includes path planning, artificial in-
telligence, computer vision, and development. This merges algorithms from
global navigation together with obstacle avoidance and detection and visual
processing frameworks-aided by libraries.

Bio-inspired algorithms

In general, bio-inspired algorithms are problem-solving methods that mimic
nature’s successful strategies to tackle incredibly complex optimization and
search problems. Instead of using rigid mathematical logic to find a single,
perfect answer which is often impossible or would take too long they use pro-
cesses like evolution or swarm intelligence to efficiently find a ”good enough”
or near-perfect solution. The typical approach involves starting with a pop-
ulation of many random potential answers, evaluating how ”fit” each one is,
and then repeatedly applying a nature-inspired rule to guide the population
toward better results.

Famous examples include Genetic Algorithms, which copy evolution’s
”survival of the fittest”; Ant Colony Optimization, which mimics how ants
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use pheromone trails to find the shortest path; and Particle Swarm Opti-
mization, which models the coordinated flocking of birds to find the best
spot in a landscape. Ultimately, they are powerful, intelligent shortcuts for
navigating vast problem spaces where traditional methods would fail [6].

Figure 2.1: Bio-inspired Algorithm

Classic pathfinding algorithm

Classic pathfinding algorithms are the fundamental, logical methods com-
puters use to find the absolute best route between a starting point and a
destination within a network, like a road map or a game level. Unlike cre-
ative or random approaches, they are deterministic and guarantee an optimal
solution.
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One well-known approach in this category is the Greedy algorithm, which
makes decisions step-by-step by always choosing the option that seems best
at the moment. In pathfinding, a greedy algorithm moves toward the goal
using only the ”locally best” choice — usually by selecting the node that
appears closest to the destination according to a heuristic. While greedy
methods can be extremely fast, they do not guarantee the optimal path,
because they focus only on short-term gain without considering the overall
cost.

The most famous deterministic optimal solver is Dijkstra algorithm, which
acts like an expanding circle of light, reliably finding the shortest path from a
start point to all other points by always exploring the next closest location.
However, it can be inefficient as it explores in all directions blindly. The
more advanced and widely used A-star algorithm improves on this by adding
a sense of direction; it not only considers the cost of the path traveled so far
but also uses an educated guess to estimate the distance remaining to the
goal, allowing it to intelligently focus its search and find the same shortest
path much more quickly[7].

Figure 2.2: classic algorithm
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2.3 Related Works

studies and systems that deal with problems similar to that proposed by the
current research will be reviewed. It looks at the various existing approaches,
pointing out their strengths, weaknesses, gaps, or limitations, therefore show-
ing what is being done and what is still lacking, thus contextualizing and
justifying the new contribution, The work falls into global and local path
planning for balancing efficiency and safety. Global planning is intended to
determine in general the route from start to destination using a map, en-
suring that the robot takes the shortest or most efficient path. The local
path planning allows the robot to make necessary changes and adjustments
in view of real-time obstacles like pedestrians or unexpected objects so the
robot can react and navigate safely. This division ensures the robot can reach
its destination efficiently while avoiding collisions and adapting to changes
in its environment.

2.3.1 Global path planning

Path planning examines methods for efficient navigation, combining global
route planning with local obstacle avoidance. It includes classical, and intel-
ligent algorithms, we study different types of algorithms presented in various
articles, aiming to gather comprehensive information on global path plan-
ning.

Abdi et al 2020 [8] The prime objective of this work was to enhance the
navigation capabilities of robots by developing the robust bacterial foraging
(RBF) algorithm, which effectively targets various obstacle shapes, improv-
ing upon the traditional bacterial foraging optimization (BFO) algorithm
that primarily manages circular obstacles. By utilizing data from multiple
ultrasonic sensors, the RBF algorithm identifies the environmental layout
and the obstacles’ positions, allowing the robot to collaboratively determine
its next move based on shared information from surrounding entities. This
approach not only optimizes trajectory planning to minimize movement time
and errors but also demonstrates high efficiency and performance across a
range of unknown environmental scenarios, showcasing its potential for prac-
tical applications in robotic navigation.

M,Rhifky 2021 [9] The research indicates that while the Greedy algorithm
can quickly identify a shortest path, it may fail to provide an optimal solution
in some instances. In contrast, the A-Star algorithm generally outperforms
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Greedy by finding better paths, though it too can miss the target under cer-
tain circumstances. Dijkstra algorithm consistently delivers the best results
among the three, reliably finding optimal solutions, but it is slower due to its
comprehensive cost comparisons. The Greedy algorithm’s drawback lies in
its short-sighted decision-making, while A-Star requires complex node data,
and Dijkstra efficiency is hampered by its detailed evaluation process.

Alkhlidi et al 2021 [10] the Cuckoo Search algorithm effectively navigates
obstacles in a complex environment. The results demonstrate the algorithm’s
ability to maintain efficient pathfinding while adapting to various obstacles.
The study highlights the advantages of both MPSO and CS algorithms in
robotic path planning, especially in intricate scenarios involving multiple
robots. It underscores the need for robust algorithms capable of overcoming
limitations encountered by traditional methods like the potential field algo-
rithm, which struggles with irregular obstacles. The findings suggest that
incorporating both MPSO and CS in future research may yield a hybrid
approach that combines their strengths, optimizing robotic navigation and
improving overall performance in more challenging environments.

Chen et Al 2021b [11] Path planning algorithms are broadly classified into
three categories: traditional path planning algorithms, heuristic algorithms,
and intelligent bionic path planning algorithms. Heuristic algorithms, known
for their strong path search capabilities, are well-suited for discrete path
topologies and include popular methods such as the A* algorithm, Dijkstra
algorithm, and Floyd’s algorithm. In contrast, the ant colony algorithm is an
intelligent model characterized by its adaptability and cooperative behavior;
it continuously optimizes paths by accumulating pheromones, guiding the
search towards optimal solutions. Given that the robot path planning prob-
lem is a typical combinatorial optimization issue, leveraging the ant colony
algorithm has proven valuable for improving effectiveness and efficiency in
finding optimal paths. This adaptability and ability to learn from the en-
vironment make the ant colony algorithm a compelling choice for complex
path planning situations.

Lui et Li 2022 [12] This article introduces a mobile robot path planning
scheme that merges a modified gray wolf optimization (MGWO) algorithm
with a situation assessment mechanism. The MGWO algorithm builds on the
strengths of the original gray wolf optimization algorithm, enhancing pop-
ulation diversity through logistic chaotic mapping and achieving a balance
between search and development via an adaptive control parameter adjust-
ment strategy. Additionally, a static weighting average strategy is utilized to
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update position and speed, thereby accelerating convergence. By integrating
both global and local path planning, the situation assessment method facil-
itates local planning along the globally established path. Simulation results
demonstrate that the proposed scheme offers superior optimization accuracy
and stability compared to existing methods, effectively reducing path length
and ensuring smoother trajectories. This hybrid approach prioritizes optimal
pathfinding while accommodating dynamic obstacle avoidance, presenting
clear advantages over using a single algorithm. Future work may involve task
clustering based on the robot’s task scale and battery capacity, enabling the
autonomous conversion of large-scale tasks into manageable, time-sequenced
actions, thereby enhancing the applicability of path planning in extensive
environments.

Martins et al 2022 [13] This paper discusses the design and implemen-
tation of the IMOA-star algorithm for mobile robot path planning within a
large workspace, implemented The IMOA-star method emerges as an effective
alternative to the traditional A-star algorithm, as evidenced by performance
assessments across four test cases. Key findings reveal that the IMOA-star
algorithm drastically reduces average process time by approximately 99.98%
compared to A-star, even with variable start and target points and new
obstacles; it also enhances path smoothness by producing segment angles
closer to 180 degrees, yielding a 24.75% improvement in smoothness metrics.
Furthermore, IMOA-star reduces path length by an average of 1.58% and
decreases the number of points by 83.45%, resulting in fewer turns and less
torque on DC motors, ultimately improving battery efficiency. Collectively,
these advantages indicate that IMOA-star significantly outperforms tradi-
tional A-star, establishing it as a promising option for efficient mobile robot
path planning in expansive environments.

2.3.2 Short path planning

Local path planning or Obstacle avoidance focuses on enabling robots to
safely navigate around dynamic and static objects in real time. It includes
classical and intelligent algorithms, and we study different types of approaches
presented in various articles, aiming to gather comprehensive information on
local path planning and obstacle avoidance.

Guo et al 2021 [14] innovative local path planning fusion method for
mobile robots that integrates LSTM neural networks, fuzzy logic control,
and reinforcement learning, culminating in a network model designated as
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LSTM FTR. The proposed model exhibits significant improvements in path
planning efficiency by approximately 81.88% compared to traditional fuzzy
control algorithms thereby making it more suitable for real-time decision-
making systems. Additionally, the reinforcement learning component facil-
itates independent exploration, enabling the model to learn new rules that
enhance obstacle avoidance and facilitate shorter path planning in complex
environments. The adaptability of LSTM FTR allows it to rapidly optimize
paths based on real-time sensor data, resulting in an increased success rate
in path planning.

However, the approach currently faces limitations, such as being confined
to simulation settings without incorporating practical application challenges.
Real-world deployment will necessitate adjustments in parameter settings
and enhancements in dynamic obstacle handling. Furthermore, relying solely
on lidar sensors for environmental input may not provide a comprehensive
understanding of real-world conditions; thus, future work will focus on en-
riching state inputs by integrating more environmental data and employing
computer vision to better differentiate between obstacle types, ultimately
refining the model’s adaptability and performance.

Szczepanski et al 2022 [15] The proposed algorithm significantly enhances
local path planning for Automated Guided Vehicles (AGVs) by reducing
energy consumption by over 20%, minimizing goal-reaching time and path
length, and enabling smoother movement while avoiding local minima, which
improves overall operational efficiency. By integrating the original Artificial
Potential Field (APF) approach with innovative modifications, the algorithm
effectively addresses the challenges posed by heavy payloads, such as 300 kg
pallets, ensuring collision-free navigation and maintaining battery capacity
through smoother trajectories. As a result, this advancement is particularly
relevant for industrial environments where energy efficiency and task exe-
cution speed are critical, with future research aiming to further optimize
obstacles avoidance dynamically.

Hongwie et al [16] Path planning is a pivotal area in the field of mo-
bile robotics, crucial for enhancing the autonomy of robots in dynamic and
complex environments. Classical algorithms like A* and Dijkstra, although
widely used, demonstrate critical weaknesses, particularly in adapting to
varying conditions and complex scenarios involving human-robot and multi-
robot interactions. These traditional methods can struggle with issues such as
infinite loops and redundant searches, resulting in inefficiencies and reduced
effectiveness in practical applications. Therefore, current research trends in-
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dicate a shift towards hybrid approaches that combine various algorithms to
leverage their strengths and mitigate individual shortcomings, as no single
algorithm can tackle the diverse challenges presented by real-world environ-
ments.

Reinforcement learning (RL) has emerged as a promising avenue for future
path planning research, with its ability to learn optimal behaviors through
trial and error. Key areas of exploration include the design of effective re-
ward functions that guide the learning process, the integration of RL with
conventional path planning methods, and the application of RL in multi-
agent settings to facilitate cooperative behaviors among robots. Despite its
potential, RL is resource-intensive, prompting interest in brain-like intelli-
gent systems that can learn efficiently with fewer resources, thus addressing
the limitations of traditional RL approaches.

Moreover, as robotic applications expand, particularly in industrial au-
tomation and emergency scenarios, multi-robot cooperative path planning
is gaining significance. Research is expected to focus on developing algo-
rithms that enable multiple robots to work collaboratively, optimizing their
positional communication and control mechanics to execute complex tasks
seamlessly.

Future directions will likely emphasize improving the performance of path
planning algorithms by reducing computation time and enhancing efficiency
in finding global optimal solutions. Additionally, innovations in sensor tech-
nologies offer new opportunities for data-driven path planning; effectively
fusing data from multiple sensors can provide richer environmental insights,
enabling more accurate and reliable navigation for mobile robots. In sum-
mary, the convergence of algorithmic innovation, reinforcement learning ap-
plications, and advanced sensor integration will be integral to advancing the
state of mobile robot path planning.

2.3.3 Local and global path planning (hybrid)

This stat of art study the Hybrid path planning combines global routing
with local obstacle avoidance to guarantee efficiency and safety. In this,
both classical and intelligent algorithms are integrated. We study various
types of approaches presented in different articles, aiming at the complete
gathering of information on hybrid path planning strategies. Lixing Liu , Xu
Wang et al [17] The analysis of 105 research papers on environment modeling
presented in this paper reveals significant trends in path planning algorithms,

21



particularly highlighting the dominance of the grid method, which accounts
for 85.71% of the studied models. further illustrate that while classical al-
gorithms primarily contribute to global path planning, dynamic algorithms
like DWA excel in changing environments. The research also indicates that
bionics-based algorithms are better suited for localized path planning due to
their quick response times, whereas AI algorithms such as Neural Networks
(NN) and Fuzzy Logic (FL) show equal interest but are more often applied
in local scenarios. Notably, FL’s usage in three-dimensional environments is
limited due to complexity and memory requirements, but it frequently aids in
optimizing other algorithms. Overall, advancements in AI and bionics-based
methods suggest a gradual shift towards overcoming classical algorithms’ lim-
itations, such as local optima and computational inefficiency, particularly for
real-time applications.

2.4 Analysis and Comparison

Examine the strengths, weaknesses, and limitations of existing algorithms
and approaches. It includes classical and intelligent methods, and we study
different types of approaches presented in various articles, aiming to gather
comprehensive insights to identify research gaps and guide the development
of improved path planning solutions.

2.4.1 Comparison criteria

We use these criteria to systematically and fairly compare different path
planning approaches, ensuring that all important aspects of robot naviga-
tion are considered. They provide a structured framework to assess efficiency,
safety, adaptability, and overall performance. By applying these criteria, we
can identify the strengths and weaknesses of each method, validate results
in controlled and real environments, and make informed decisions for select-
ing or improving algorithms that achieve reliable, practical, and optimized
robotic navigation.

• Path Planning (local/global): Global path planning determines the
overall route, while local path planning makes immediate adjustments to
avoid obstacles.

• Algorithm: The computational method or set of rules the robot uses
for decision-making, such as for navigation and obstacle avoidance.
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• Path Smoothing: The process of refining a calculated path to ensure
the robot’s movement is fluid and mechanically efficient.

• Test (Simulation/actual): The method of validating robot performance,
either within a virtual, computer-generated environment or in a physical,
real-world setting.

• Data: The sensory information the robot collects and processes from
its surroundings to understand its environment and location.

• Advantage: The inherent benefits or positive aspects of using this tech-
nology, such as increased efficiency or reduced environmental impact.

• Disadvantage: The inherent drawbacks or challenges associated with
the technology, including technical limitations and operational hurdles.

• Evaluation: The systematic measurement and assessment of the robot’s
effectiveness and reliability against defined success criteria.
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Figure 2.3: table of analyse and comparion

2.5 Discussion

The comparative analysis of path-planning algorithms between the years
2020 and 2025 indicates a clear trend from classical to meta-heuristics, hy-
brid, and AI-based methods. The classical algorithms, like A* and Dijkstra,
are optimal but have speed and scalability issues . Meanwhile, meta-heuristic
approaches such as MGWO, PSO, BFO, and CS offer faster convergence and
adaptability at the cost of increased complexity and possible local optima.
Hybrid and AI methods include combinations of ACO, APF, fuzzy logic, and
neural networks, offering better adaptability and learning, although introduc-
ing higher computational burdens. While the majority of the studies address
both global and local planning with the intent of making the routing efficient
along with dynamic obstacle avoidance, a few focused on either global or local
planning, which might restrict real-time applicability. Simulations dominate
the testing aspects, with a very few implementations in actual environments,
reflecting gaps between theoretical performance and practical deployment.
Smoothness of the path is still a challenge for meta-heuristic methods, and
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extra processing is required for feasible robot navigation. The overall anal-
ysis represents the trade-off between optimality, speed, and complexity and
the practical feasibility issue arising from these, underlining the priority for
future research to be integrating intelligent and adaptive algorithms with
real-world operational constraint [19, 20, 26].

2.6 Conclusion

Sidewalk robot navigation has decidedly shifted towards complex, hybrid
systems that combine AI and bio-inspired algorithms in both global and local
path planning. While these advanced techniques show great promise in sim-
ulation, exhibiting such improvements as more than 81% increased efficiency
and more than 20% energy savings due to smoother paths, the most critical
conclusion drawn is the wide chasm between these theoretical achievements
and demonstrated real-world capability. The biggest issue facing the field
today is no longer solely one of algorithmic refinement but bridging this gap
between simulation and reality via robust hardware integration, multi sen-
sor fusion, and extensive testing in the unpredictable physical environments
these robots are designed to master.
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Chapter 3

The approach
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3.1 Introduction

The central focus of the work is the finding of the best combination of al-
gorithms to navigate a mobile robot in an environment with both static and
dynamic elements. This is done in two parts: first, by analyzing and com-
paring several path-finding algorithms such as A* and Dijkstra to find the
most efficient method to compute the shortest global route on a map that
is already known [18, 19, 23]. Second, we study and then implement reac-
tive obstacle avoidance algorithms based on real-time sensor data to navigate
around unforeseen obstructions [24, 18]. At the center of our effort in seam-
lessly integrating these two algorithmic layers lies the ability of the robot to
dynamically step out from its pre-planned optimum course, safely maneuver
around obstacles, and then intelligently replan to the destination. This in-
volves extensive simulation and real testing to analyze the performance of
different algorithmic combinations in terms of efficiency of path, computa-
tional burden, and robustness in complicated scenarios [17].

3.2 Contribution

Our contribution focuses on the practical advancement of autonomous robot
navigation by systematically evaluating and integrating established path find-
ing and obstacle avoidance algorithms. We provide a comprehensive analysis
of how global planners like A* and Dijkstra can be effectively combined with
reactive methods such as the Dynamic Window Approach or Artificial Po-
tential Fields to create a robust, hybrid system. Through rigorous testing
in both simulated and real-world scenarios featuring dynamic obstacles, our
work offers crucial insights into optimizing this integration, leading to more
reliable, efficient, and adaptable navigation solutions for mobile robots oper-
ating in complex, unpredictable environments [27].

3.3 Best Algorithm For Global Path

we have worked with common methods like A* and Dijkstra, and also with
algorithms that are based on nature, like ones that copy how ants find food.
My work involved testing all of these on different kinds of maps to see how
they performed in various situations. By doing this, I compared how:
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.fast each algorithm was. .how much the total weight of edges as cost.
.and how well it found a good route path length.

This process helped me learn the pros and cons of each method so I can
choose the right one for challenges.
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Figure 3.1: Performance Comparison of Global Path Planning Algorithms
on the Map

from the figure 3.1 and in the algorithm we applied the implementa-
tion available at github [31],A* algorithm and GREDY algorithm is the best
methods for finding the shortest path on a map made of points and the paths
between them based on time path and cost. Think of it like a ripple spread-
ing out in a pond: it starts at one point and explores outwards step-by-step,
always choosing the next closest location it hasn’t visited. It keeps doing this
until it has found the best route from the start to every other point on the
map. The main reason it’s considered the best is because it is guaranteed to
find the absolute shortest path, not just a good guess. While other methods
might be quicker for a single trip, A* is incredibly reliable and a perfect
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choice when you need to know the definite best route from one place to all
others.

Figure 3.2: Evaluation of Algorithms Based on Time, Cost, and Path Length

The A* yielded the lowest computation time at about 1.2 seconds, far
faster than other algorithms like ACO by 82%, GWO by 70%, or BFO by
100%, The A* path length is around 12.4 km, which is shorter results and
GWO, ACO, PSO it is slightly better when compared to Dijkstra, Cost,
which here represents the overall path efficiency, is also the lowest for A*, at
about 50%, while for BFO and Greedy, it is the highest at close to 100%,
indicating much less optimal paths, Dijkstra performs reasonably well, with
path and cost scores quite similar to A*, but its computation time is higher
by about 17% compared to A*, Greedy is very fast-actually, it is close to
0% of the time required but the length and the cost of the path are both
very high, showing its short-sightedness, Overall, the numbers show that A*
provides the best trade-off between speed, path length, and cost, making it
the most efficient algorithm for global path planning in this case .
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3.4 Best Algorithm For Avoiding Obstacles

Using a simple graph as simulation for voiding obstacles using some of bio-
inspired algorithm combine from start point (green circle) goal (red circle)
and 3 obstacles (blue circles) to evaluate the algorithm .

Figure 3.3: graph simulation for avoiding obstacles used

We evaluate this algorithms using this three tools:
• Time is how long the computer takes to find the answer.
• Shortest Path is how direct the route is.
• Cost is the final numerical score of that path’s length, where a lower

score is better.
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Figure 3.4: Result of algorithm for avoiding obstacle and finding shortest
path
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As discussed in the algorithm analysis, we applied the implementation
available at github [31], PSO provided one of the best path among the bio-
inspired methods, but we chose the APF algorithm because it was the best
solution for our application. In the evaluation, although PSO found a low-
cost and relatively direct path, it had a critical weakness in common with
BFO and ACO a very long computation time. APF had the same primary
advantage as PSO-predicting a smooth and direct trajectory but with much
lower computational demand. APF treats the goal as an attractive force
and obstacles as repulsive forces and thus can dynamically and reactively
calculate a safe and efficient path, making it the best choice for a robot
that needs to decide immediately about its actions in a constantly changing
environment.

Figure 3.5: Graph of evaluation the algorithms based on time, cost ,path

This clearly indicates that APF is the best local path-planning technique
among BFO, ACO, PSO, APF, and MGWO. The performance graph indeed
shows the BFO and ACO starting with high normalized scores close to 100%,
while PSO gradually slows down for each of the metrics. APF then leads to
a dramatic improvement, with a computation time of only 2.2 s and a path
length of about 1450 mm, driving the cost score to close to zero, the best
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overall result in the chart. This dominant performance is highlighted in the
yellow color shown. While MGWO does recover somewhat after APF, its
results are far from matching the efficiency and stability of APF.

3.5 The Hybrid Algorithm Of (A* and APF)

The algorithm developed integrates two complementary path-planning tech-
niques.

• Inputs: The system requires road network data defining potential rout-
ing paths, building or obstacle data, the coordinates of the start and goal
positions, and control parameters specifying the strength of attractive and
repulsive forces for local smoothing.

• A* for Path Planning: A* graph of valid connections is constructed from
the road data, and any edges intersecting buildings are removed to ensure
obstacle avoidance. The A* algorithm is then applied to generate a coarse,
obstacle-free route represented by a sequence of waypoints.

• APF for voiding obstacles: The coarse A* waypoints are refined using
Artificial Potential Fields. Attractive forces pull the robot toward each suc-
cessive waypoint, while repulsive forces push it away from nearby obstacles,
creating a continuous and natural trajectory.

• Outputs: The final output is a smooth, collision-free path from start to
destination that is suitable for practical robotic navigation and autonomous
delivery applications.

3.6 Conclusion

This study presented a hybrid navigation framework for mobile robots oper-
ating in environments with static and dynamic obstacles. Through a compar-
ative evaluation of global path-planning algorithms, A* was identified as the
most efficient method, offering the best balance between computation time,
path length, and cost. For local obstacle avoidance, the Artificial Potential
Field (APF) approach demonstrated superior real-time performance, provid-
ing smooth and efficient trajectories with low computational demand. By
combining A* for global planning with APF for local obstacle avoidance, the
proposed hybrid system achieves robust, efficient, and adaptive navigation,
making it well suited for real-world autonomous robotic.
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Chapter 4

Experimental Setup And
Evaluation
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4.1 Introduction

The concept of enabling a robot to get around in Bejaia rests on the core in-
telligence composed of key algorithms combined with city-specific data. The
robot would make a map of the sidewalks in Bejaia using a SLAM algorithm
while simultaneously tracking its position, then use this map for global path
planning with an algorithm like A* that determines the best overall route.
A local planner like the Artificial Potential Field (APF) is essential for im-
mediate real-time maneuvering around pedestrians and obstacles, guided by
perception systems using deep learning models, such as YOLO, in detect-
ing and classifying objects from camera and LiDAR data. Importantly, the
efficacy of these algorithms depends on a robust dataset specific to Bejaia,
which one would have to create through a systematic process of collecting
detailed geospatial information, sensor logs, LiDAR and camera, and a wide-
ranging image library capturing unique streetscapes of the city, signage, and
pedestrian behaviors to train and validate the robot for operation in Bejaia
both safely and effectively [28].

4.2 Development Environment

The development environment for enabling autonomous navigation in Be-
jaia focuses on the core robotic intelligence integrated with city-specific data.
On a global scale, it relies on detailed sidewalk maps obtained from Open-
StreetMap, which provide comprehensive geospatial information for the city.
Global path planning is performed using algorithms such as A*, which deter-
mine the optimal route across the mapped environment. These are comple-
mented by local planners such as the Artificial Potential Field, which enable
immediate, real-time maneuvers around dynamic obstacles, including pedes-
trians, using sensor inputs. Perception systems are a critical part of this
pipeline, employing deep learning models such as YOLO to detect and clas-
sify objects from camera and depth map data. The effectiveness of these
algorithms depends greatly on a robust and comprehensive dataset specific
to Bejaia that must be systematically built. This dataset includes geospatial
data, sensor logs, depth maps, camera recordings, and an extensive image
library capturing streetscapes, signage, and pedestrian behaviors of the city.
Together, these components provide a development environment capable of
training, validating, and deploying the robot to safely and effectively navigate
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Bejaia.

4.2.1 Hardware Environment

The experiments were conducted on a machine with the following listed spec-
ifications: PC1 Machine type: ASUS I5 8TH Processor: Intel(R) Core(TM)
i5-8200Y CPU @ 1.30GHz 1.60 GHz RAM: 8,00 Go Operating system: Win-
dows 11 Professional Robot Tools: Phone Camera ip webcom server tcp
Phone GPS server tcp

4.2.2 Software Environment

The software environment of this project consists of Python as the main
programming language, along with a selection of specialized libraries that
support image processing, path finding, deep learning, and geospatial anal-
ysis. These tools collectively enable the implementation of the autonomous
robot’s navigation, perception, and decision-making systems in a structured
and efficient manner.

4.2.3 Programming Language

Python was the primary programming language used for implementing the
models .It is a popular programming language recognized for its ease of use
and clear syntax. It backs various programming paradigms such as proce-
dural, object-oriented, and functional programming styles. Python is ex-
tensively utilized across different fields including web development, scientific
computing, data analysis, artificial intelligence, and automation.

The development stack integrates modern web technologies to create a
robust and scalable application. React serves as the core front-end library,
enabling efficient component-based UI development, while Next.js provides
server-side rendering and routing capabilities for improved performance and
SEO. User authentication and management are handled by Clerk, offering
secure and customizable sign-up and login flows. Payment processing is seam-
lessly integrated via Stripe, ensuring reliable and secure transactions. Finally,
Sanity is allowing flexible content management and real time updates across
the application.
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4.2.4 Python Libraries

Cv2: The robot’s eyes, used for all tasks involving reading, processing, and
displaying images and video.

Os: Interacts with the computer’s file system to manage files and folders,
like creating a directory for output frames.

Numpy as np: Provides the tools for high-speed mathematical operations
on the grids of numbers that form images.

Torch: Acts as the robot’s brain, loading and running the powerful deep
learning model for object detection.

Json: Reads and writes simple configuration files to easily load settings
like robot speed or file paths.

Time: Works like a stopwatch to measure how fast your code runs or to
pause the program. import glob: Finds and creates a list of all files that
match a specific pattern, such as every .jpg image in a folder.

Pathfinding: is a Python toolkit that provides efficient implementations of
grid-based pathfinding algorithms, such as A*, Dijkstra, and others, allowing
developers to easily compute optimal paths while handling obstacles and
diagonal movement in 2D environments.

DiagonalMovement: A setting for the Algorithem finder that allows you
to specify if the robot is permitted to move diagonally.

Geopandas: A library used to work with geographic data (maps) in a
table-like format, making it easy to analyze coordinates, shapes, and spatial
relationships.

Networkx: A library for creating and analyzing networks and graphs,
commonly used to compute shortest paths and connections between nodes.

4.3 Simulation

We apply the hybrid A* and APF algorithms, explained in Chapter 3, and
for this, we need appropriate data to work with and observe the results.

4.3.1 Data Collection

preparing or ”training” map data for a pathfinding algorithm involves con-
verting a real world location into a structured digital format that an al-
gorithm can understand and navigate. This process is less about machine
learning ”training” and more about creating a detailed environmental model
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with clear rules. It requires two fundamental types of information. First, you
need data on all the traversable paths. This includes roads, sidewalks, open
fields, or any area where movement is permitted. This information forms the
backbone of the navigation map, creating a network or graph of intercon-
nected points nodes and the pathways between them edges. This network
defines all the possible routes the algorithm can consider. Second, you must
identify all the non-traversable areas, which act as obstacles. These can be
buildings, walls, bodies of water, dense vegetation, or any other physical
barrier that blocks movement. This obstacle data is overlaid onto the path
network, effectively telling the algorithm which areas are off-limits. By com-
bining these two datasets, you create a comprehensive digital map . When
tasked with finding the shortest path from a starting point to a destination,
it searches through the network of traversable paths while strictly avoiding
all the defined obstacle zones. The quality and accuracy of this initial data
are crucial for the algorithm’s ability to find a path that is not only short
but also safe and practical in the real world [29].

4.3.2 Collection data of Bejaia

using OpenStreetMap (OSM) a free and editable map of the entire world,
created by a global community of volunteers. Think of it as a ”Wikipedia
for maps,” where anyone can contribute by adding or correcting data about
roads, buildings, trails, and points of interest. Because it is completely open
and free, its data is used by thousands of websites, mobile apps, and orga-
nizations for a huge range of purposes, including turn-by-turn navigation,
humanitarian aid, and urban planning. This collaborative approach makes
OSM an incredibly detailed and constantly updated resource that is available
for anyone to use for any project without cost or restrictions.
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Figure 4.1: Data Collection

4.3.3 Training Data

Raw Data Acquisition and Exploration The process starts by gathering the
necessary geographical data; Route/Path Data: represents streets, roads, and
traversable pathways. Building/Point of Interest Data Represents landmarks
or obstacles.

Initial Visualization The data is plotted after loading for a visual check,
Roads in blue Buildings in red.

Node Definition → Each coordinate or intersection point becomes a node.
Edge Definition → Consecutive nodes are connected by edges.
Weight Assignment → Each edge gets a “cost” (often the distance be-

tween nodes).
These weights teach the algorithm what shortest means (Distance for
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geometric shortest path, Time if you include speed limits or slope.),A well-
trained graph = all nodes connected + accurate costs.

Figure 4.2: Visualisation Of Bejaia Routes And Building

4.3.4 Data From Cameras

Data from cameras acts as the robot’s real time eyes, providing the critical
situational awareness that a static map cannot. Through computer vision
and machine learning, the camera feed is constantly analyzed to detect and
classify immediate, unmapped obstacles such as pedestrians, pets, or tempo-
rary obstructions, enabling the robot to safely maneuver around them. This
visual data is also essential for a deeper understanding of the environment,
allowing the robot to differentiate between a sidewalk and a road, recog-
nize crosswalks, and read traffic signals. Furthermore, by identifying unique
visual landmarks like storefronts or lampposts, the camera helps the robot
pinpoint its exact location on its pre loaded map, correcting for any sensor
drift and ensuring precise navigation in a dynamic world.
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From Video to Analyzable Frames

To effectively analyze robot’s performance in Bejaia, we must first ”copy”
its operational videos frame by frame, a process achieved not by hand but
by using powerful software tools like FFmpeg or programming libraries such
as OpenCV. This technique converts a dynamic video file into a sequence of
thousands of individual static images, allowing for a microscopic examina-
tion of the robot’s behavior at any specific moment. Once extracted, these
frames can be manually inspected to diagnose critical failures like why the
robot misidentified a pedestrian or chose a certain path or they can be au-
tomatically processed by running your trained algorithms on each image to
gather quantitative data, pinpointing exactly where perception failed and
providing the detailed insights needed to systematically debug and improve
the robot’s safety and intelligence.

Figure 4.3: Camera for Collecting data

Video based Dataset (YOLO + Depth Map)

Preprocessing (Data Preparation) The purpose of preprocessing is to prepare
raw video and sensor data for effective the obstacle avoidance system. This
step ensures that all frames are synchronized, clean, and consistent enabling
reliable detection and distance estimation.

YOLO (You Only Look Once) is used for real-time object detection. It
identifies and classifies visible objects in each video frame, such as people,
cars, bicycles, or static obstacles. This allows the system to understand
what obstacles exist and where they are located within the scene. A depth
map provides distance information for every pixel in the image. It tells
how far each detected object is from the robot. This spatial information is
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essential for APF, which depends on distance to compute repulsive forces
closer obstacles produce stronger avoidance reactions. Integration between
YOLO and Depth Map By combining YOLO’s object detection with the
depth map’s distance information, the robot gains a full 3D understanding
of its surroundings. Each detected object can be assigned a position and
a depth value, enabling APF to calculate safe and efficient motion paths
around obstacles. Summary

- YOLO detects and classifies objects.
- Depth Map measures how far those objects are.

Figure 4.4: Application of YOLO + Depth Map on bejaia street

4.4 Simulation Results

These results demonstrate integration of a multi-stage robotics algorithm.
The system first leverages pre-processed object detection data, loaded from
JSON files, to draw orange bounding boxes and labels (e.g., car 9982neously,
the core logic uses this obstacle information, along with depth maps, to
dynamically generate a 2D ”costmap” a grid where sidewalks are assigned
a low cost and obstacles are assigned a high cost. The A* pathfinding algo
rithm then calculates the optimal, safest route through this costmap, which
is visualized as the blue line projected onto the image, clearly showing the
robot’s intelligent decision to plot a path forward that stays on the sidewalk.
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Figure 4.5: YOLO + Depth Map result

The green line represents in figure 4.6 the robot’s planned and dynamic
path, visually embodying how the robot responds to its perceived environ-
ment. The key observation about this green line is that it does not collide
with or intersect any of the detected obstacles whether they are the people or
cars highlighted by the yellow YOLO bounding boxes. This outcome under-
scores the effectiveness of the Artificial Potential Field (APF) algorithm in
generating collision-free trajectories. By defining each detected object in the
scene as a ”repulsive point” with a force increasing with proximity, the robot
can ”feel” the presence of these obstacles before reaching them, proactively
causing its path to deviate and safely circumnavigate them. The green line
smoothly curving around the person in the foreground is a clear illustration
of this behavior, where the robot alters its direction to pass safely by, ensur-
ing maximum safety in navigating a complex sidewalk environment As shown
in the (figure 4-6), when the robot approaches an obstacle (the woman), it
changes its direction toward a valid path.
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Figure 4.6: Result of the path in real life

4.5 Evaluation

Metrics we use and apply as we see in figure 4.6 :
• Precision and Recall: These are metrics for the accuracy of the labels

being provided (car, person, etc.).The precision is high-that is, when it pre-
dicts ”car,” it is mostly correct, which means that there are very few false
positives. In the images, the precision seems really high; all the objects la-
beled are correctly identified. High Recall means that it finds all the actual
cars and people in the scene, i.e., low false negatives. On this first image,
the model appears to have high recall, finding multiple cars and the person.

• Evaluation of the Images: Visually, the provided frames have a very
high perception accuracy. The labels are appropriate, where the confidence
score is strong-for example, car 99%, person 82% and the bounding boxes
tightly wrap around the objects. This means that the underlying object
detection model that generated these JSON files must be performing very 45
well on images of this specific type of street scene.

• Assessing Pathfinding ”Accuracy” (Success, Safety, and Efficiency),In
the case of the pathfinding part-the green line, ”accuracy” is less about being
”correct” and more about being successful, safe, and efficient.

• Success Rate: The most important metric is simply: Did the algorithm
find a path from the start to the goal The code handles the case that no path
is found if not path, which would be a failure. However, in those specific
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instances, as shown by the fact that all images do have a green line, success
rate would be 100

• Safety: This is the most important measure of the path’s quality. A
”safe” path is one that maintains a sufficient distance from all obstacles on
the cost map. The algorithm attempts to ensure this by ”inflating” the
obstacles in the create cost map function, creating a buffer zone.

• Evaluation of the Images: This path is an excellent example of a safe
path. In every frame, the green line keeps firmly in the sidewalk area and
well away from the bounding boxes for both cars and people, showing the
main success of the algorithm.

• Efficiency: A path is efficient when it is reasonably direct and not
unnecessarily long or jerky. The algorithm is designed to find the shortest
path based on the ”costs” in the grid, while the smoothing function, find
smooth path, aids in removing unnatural, sharp turns.

4.6 Interface

The interface of a grocery web application serves as the first point of inter-
action between users and the system. It is designed in a way to provide a
smooth and intuitive shopping experience, allowing users to browse products,
manage their shopping cart, and efficiently complete a purchase. A good in-
terface enhances usability, accessibility, and user satisfaction and integrates
features like search, filtering, and personalized recommendations to make the
navigation process easier and assist in decision making.

This image 4.7 represents the registration interface, allowing users to
create an account to access their profile, manage their shopping cart, and
track orders, enabling them to browse and purchase products conveniently.
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Figure 4.7: Sign up and Sign In interface

This is the homepage of a grocery shop’s web application 4.8, ”Kaziba
Shop.” The top section features the store’s logo, a prominent search bar, and
user-centric navigation including ”My Basket” and ”Sign In.” A large green
banner dominates the upper half of the page, likely used for promotions or
important announcements. Below this banner, a ”Filter by Category” option
allows users to refine their product search. The main display area presents
a grid of four featured products: ”Cheezy” fromage, ”Egges,” ”Isis Omo”
dish soap, and ”Le Chat” laundry detergent, each clearly showing its name,
a short description, and price. A small ”1 issue” notification is also present
at the bottom of the page.

Figure 4.8: home page interface
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This interface allows the user to browse grocery items by selecting a
specific category4.9. The category filter helps organize all products such as
drinks, dairy, oils, sweets, and other everyday grocery essentials, making it
easy for the user to quickly find what they are looking for. Once a category
is chosen, the related products appear with their image, name, and price,
helping the user clearly view the items before deciding to add them to their
basket.

Figure 4.9: Interface category

This page serves as the final review step before completing a purchase
4.10. It displays the selected product, its unit price, and allows the user to
adjust the quantity directly from the basket. The order summary on the right
dynamically updates the total cost based on the chosen quantity, helping
the user clearly verify the total amount they will pay. Once everything is
confirmed, the user can proceed by clicking the Checkout button to finalize
the sale.

49



Figure 4.10: Searching Interface

This page is the secure payment interface where the user confirms their
purchase and completes the transaction 4.11. It clearly shows the selected
item, its quantity, and the total amount due. The user can enter their email,
choose a payment method, and fill in their card information to finalize the
order. There is also an option to add a promo code and to save payment de-
tails for faster checkout in the future. Once all the information is completed,
the user simply clicks Pay to confirm and finish the purchase.

Figure 4.11: Payment interface

This interface illustrates the robot order confirmation page of the KAZ-
IBA SHOP grocery website 4.12, where the system verifies and confirms the
delivery ride fee calculated by a delivery robot. The robot’s camera feed
displays the detected grocery items (such as milk packs), ensuring that the
products are correctly identified before confirming the delivery cost. On
the right side, the Order Summary shows the total number of items, their
price, and the ride fee estimated by the robot, providing users with full
transparency before payment. With clear options to “Confirm and Pay” or
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“Cancel Order,” this page ensures that the customer can review and approve
the robot-calculated delivery price before completing the purchase, creating
a reliable and smart checkout experience.

Figure 4.12: Ordering Buy Robot interface

This store interface is accessible only to the grocery manager 4.13. It
allows the manager to present products by category, provide descriptions and
prices, and manage an orders section to review daily orders and add new ones
as needed.

Figure 4.13: Store interface

4.7 Conclusion

In this chapter, we present the results of the simulation for the proposed
approach. The findings indicate that this method is the most suitable for our
project. Once the camera starts functioning, the algorithm processes at 400
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frames per second, providing the robot with more time for wheel actuation
and enabling instant movement, which results in significant time efficiency.
The combination of the robot’s performance in obstacle avoidance and path
planning, along with the user interfaces, brings the project very close to a
real-world implementation and positions it as one of the optimal solutions
for last-mile delivery robots.
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Chapter 5

Conclusion
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5.1 Introduction

In recent years, autonomous sidewalk delivery robots have become an in-
novative solution for last-mile delivery, providing a faster, safer, and more
efficient alternative to traditional human-based services. Using sensors, cam-
eras, GPS, and intelligent algorithms, these robots navigate urban environ-
ments to deliver goods directly to customers. Major companies like Starship
Technologies and Amazon have already deployed such systems, showcasing
their potential to transform local commerce. Driven by the need for sustain-
able and contactless delivery, autonomous robots address challenges of traffic,
pollution, and high operational costs associated with conventional methods.
This project aims to design a complete autonomous grocery delivery ecosys-
tem that integrates a web-based ordering platform with an intelligent robot.
The robot uses a hybrid navigation system combining the A* algorithm for
global path planning and the Artificial Potential Field (APF) method for
local obstacle avoidance. This chapter covers the hardware, software algo-
rithms, and web technologies necessary to build a reliable, connected, and
intelligent delivery system, laying the foundation for future smart and con-
tactless logistics solutions.

5.2 Limits

Sidewalk delivery robots face several challenges that affect their performance
and real-world deployment. Their navigation heavily depends on sensor qual-
ity and environmental conditions, with poor lighting, weather, or dense ur-
ban areas reducing reliability. Infrastructure constraints, such as uneven
sidewalks, stairs, and unpredictable pedestrian behavior, further challenge
mobility. Testing in simulations cannot fully capture real-world dynamics,
leading to potential discrepancies. Battery life limits range and continuous
operation, while obstacle avoidance algorithms like APF can get trapped in
local minima or react unpredictably in crowded settings. Reliable network
connectivity is essential for communication and tracking, and current hard-
ware may struggle under adverse conditions. Additionally, social acceptance,
legal regulations, and limited multi-robot coordination pose barriers to large-
scale deployment. Addressing these issues is crucial for safe, efficient, and
widespread adoption.
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5.3 Perspectives

The development of autonomous sidewalk delivery robots holds significant
potential for technical and societal advancements. Future improvements in
AI, computer vision, and deep learning will enhance perception, object detec-
tion, and adaptive navigation in complex urban environments. Advances in
hardware, multi-sensor fusion, and high-precision localization will increase
autonomy, reliability, and energy efficiency. Web platforms will evolve to
offer real-time route optimization, fleet coordination, and enhanced user in-
teraction, improving both operational efficiency and customer experience.
Large-scale deployment will also require regulatory adaptation, social accep-
tance, and infrastructure support, such as smoother sidewalks and charging
stations. Ultimately, the integration of AI, sustainable hardware, and cloud-
based management could enable autonomous delivery robots to become a key
component of smart, efficient, and environmentally friendly urban logistics
systems.

5.4 Final Conclusion

This work investigated the conceptual and technological underpinnings re-
quired to create an autonomous sidewalk delivery system that would allow
for seamless integration of robotic navigation with a web-based delivery plat-
form. In this study, it focused on designing a complete ecosystem where soft-
ware intelligence and mechanical autonomy cooperated in bringing about a
contactless, safe, efficient delivery experience. We reviewed the autonomous
navigation systems in depth, starting with the basic hardware composition
that allows the robot to perceive and interact with its surroundings, includ-
ing sensors, processors, and mobility mechanisms. In a similar vein, it has
also become important to discuss pathfinding and obstacle avoidance algo-
rithms, in which the hybrid implementation of A* and APF algorithms have
been very effective. Similarly, this integration allows the robot to make glob-
ally optimal path plans while dynamically responding to local obstacles in
real time, achieving a balance between precision, adaptability, and compu-
tational efficiency. Meanwhile, in web technologies, the research underlined
that the digital platform acts as a critical link between the front end, which
deals with users, and the actual robot that physically delivers the package.
While the platform oversees everything from product selection, confirmation
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of orders, authentication, and tracking through to final delivery, it assures
smooth translation of online customer requests into real-world robotic ac-
tions, thereby forming a cohesive intelligent delivery ecosystem. The system
has considerable potential, but quite a number of shortcomings include envi-
ronmental ones like uneven sidewalks and varying weather conditions; sensor
reliability; dependence on stable internet connectivity; and incomplete legal
and regulatory frameworks regarding autonomous delivery. Yet, ongoing de-
velopments in the areas of artificial intelligence, embedded computing, sensor
fusion, and smart city infrastructure are expected to lessen these challenges.
Looking ahead, continued advancements in deep learning, real-time map-
ping, and multi-robot coordination will continue enhancing the autonomy,
efficiency, and safety of such systems. As cities evolve toward smarter and
more sustainable infrastructures, sidewalk delivery robots can become an in-
tegral part of urban logistics: reducing emissions, minimizing congestion, and
improving delivery efficiency. The present research lays a solid foundation
for the future development and deployment of autonomous sidewalk delivery
robots. By effectively integrating intelligent software, adaptive hardware,
and web-based communication, it shows that robust, scalable, and sustain-
able solutions for last-mile delivery are achievable. The contribution of this
research extends beyond being an advanced autonomous system to a mean-
ingful step toward a future when intelligent robotics forms a natural part of
daily urban life.
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[18] Abdi, M. I. I., Khan, M. U., Güneş, A., Mishra, D. (2020). Escaping lo-
cal minima in path planning using a robust bacterial foraging algorithm.
Applied Sciences, 10(21), 7896.

[19] Alkhlidi, M. Y. H., & El-Sherbiny, A. (2021). Optimal path planning
for mobile robot based on hybrid cuckoo search and particle swarm op-
timization. Journal of Physics: Conference Series, 1962(1), 012003.

[20] Chai, H., Li, S., & Song, J. (2021). Mobile robot path planning based on
improved particle swarm optimization. Journal of Physics: Conference
Series, 1883(1), 012015.

58



[21] Chen, Y., Bai, G., Zhan, Y., Zhang, X., & Liu, H. (2021). Path planning
and obstacle avoidance of the USV based on improved ACO-APF hybrid
algorithm with adaptive early-warning. IEEE Access, 9, 40728–40742.

[22] Guo, N., Li, C. H., Gao, T. T., & Zhang, G. L. (2021). A fusion method
of local path planning for mobile robots based on LSTM neural net-
work and reinforcement learning. Mathematical Problems in Engineer-
ing, 2021, 1–21.

[23] Liu, Y., & Li, X. (2022). A hybrid mobile robot path planning scheme
based on modified gray wolf optimization and situation assessment.
Computational Intelligence and Neuroscience, 2022, 8610580.

[24] Martins, L. D. C., dos Santos, V. G., & de Oliveira, H. A. (2022). Mobile
robot path planning using an improved mayfly optimization algorithm.
Artificial Intelligence Review, 55(6), 4647–4671.

[25] Rhifky, M., Faris, M., & Hidayat, N. (2021). Analysis of shortest path
search using A Star, Dijkstra, and Greedy Best First Search algo-
rithm. Jurnal RESTI (Rekayasa Sistem Dan Teknologi Informasi), 5(2),
273–281.
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