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Abstract - Autonomous navigation remains one of the
foremost challenges in mobile robotics. Classical path
planning algorithms such as A* operate effectively in
static, pre-mapped environments but fail under dynamic
conditions where obstacles move unpredictably. This
paper presents NavSim, a complete Al-Based
Autonomous Navigation System implemented as an
interactive web application that simulates a mobile robot
navigating to a goal using Deep Reinforcement Learning
principles. A custom lightweight 2D physics environment
replicates a 24-ray LIDAR sensor, producing the exact
26-dimensional state vector used in real DRL navigation
research. Three navigation strategies are implemented
and compared in real time: Proximal Policy Optimization
(PPO), Deep Q-Network (DQN), and classical A*
planning. Experimental results confirm that PPO
achieves the highest goal-reaching success rate — 86.7%
in static and 57.5% in dynamic
environments — outperforming DQN and dramatically

environments

surpassing A*, which collapses to 10% success when
moving obstacles are introduced. The system runs
entirely in a web browser without requiring ROS,
Gazebo, or GPU hardware, and a genuine Stable-
Baselines3 training script is included for real model
training.

Key Words: Deep Reinforcement Learning, Autonomous
Navigation, PPO, DQN, A* Planning, Mobile Robotics,
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1.INTRODUCTION

Mobile robots that can navigate autonomously through
unstructured, dynamic environments are transforming
industries including logistics, healthcare, agriculture, and
disaster response. An autonomous navigation system
must perceive its environment through sensors, compute
a safe path to the target goal, and execute movement
commands in real time — all without human intervention.

Classical navigation approaches, including the A*
algorithm [1] and Dynamic Window Approach (DWA)
[2], perform reliably in static, well-mapped environments
but suffer a fundamental limitation: they depend on
accurate pre-built occupancy maps. When obstacles shift
positions or new obstacles appear — as occurs in hospital
corridors, warehouse floors, and field environments —
map-dependent planners either fail outright or require
expensive real-time replanning cycles that cannot keep
pace with fast-moving obstacles.

Deep Reinforcement Learning (DRL) offers a
fundamentally different paradigm. Rather than following
pre-programmed rules derived from a static map, a DRL
agent learns a navigation policy directly from
environmental interaction, receiving reward signals for
progress toward the goal and penalties for collisions. This
learned policy is inherently sensor-reactive: it responds to
live LIDAR readings rather than map assumptions,
enabling robust navigation in dynamic scenarios that

defeat classical planners.

This paper presents NavSim: a complete, fully working
web application that simulates DRL-based mobile robot
navigation in a custom 2D physics environment with a
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simulated 24-ray LIDAR sensor. The system implements
and visually compares PPO, DQN, and A* agents in real
time. The application runs in any browser without ROS
or Gazebo, and a Stable-Baselines3 training script is
provided for genuine RL model training on the same
environment.

2.LITERATURE REVIEW

Hart et al. [1] introduced A*, which uses heuristic-guided
graph search to find optimal paths in grid maps. Despite
its mathematical elegance, A*'s dependence on a
complete, accurate map renders it unsuitable for dynamic
environments — a limitation directly demonstrated in this
paper's experimental results, where A* achieves only
10% success when moving obstacles are introduced,
versus 57.5% for PPO under identical conditions.

Mnih et al. [3] introduced Deep Q-Network (DQN),
extending tabular Q-learning to high-dimensional state
spaces through deep neural function approximation,
experience replay, and target network stabilization. DQN
achieved human-level performance on Atari games and
established the viability of deep RL for complex
sequential decision-making tasks including robotic
control.

Tai et al. [4] pioneered the application of DQN to mapless
mobile robot navigation using raw LIDAR sensor data as
the state representation — the direct conceptual
predecessor of this project's 24-ray LIDAR state
representation. Their system demonstrated successful
sim-to-real transfer, confirming that LIDAR-based DRL
navigation policies generalize from simulation to
physical hardware.

Schulman et al. [5] introduced Proximal Policy
Optimization (PPO), which constrains policy gradient
updates through a clipped surrogate objective, preventing
destabilizing large policy changes. PPO's training
stability advantage over DQN is confirmed in this paper's
comparative results, with PPO achieving a 15 percentage
point higher success rate unde

r dynamic obstacle conditions.

Raffin et al. [6] developed Stable-Baselines3, the reliable,
well-documented DRL implementation library used in
this project's optional training pipeline (train_agent.py),

enabling real from-scratch PPO/DQN training on the
custom NavSim environment.

3.PROPOSED SYSTEM

NavSim is a Flask web application that simulates a 2D
mobile robot navigating to a randomly placed goal while
avoiding static and dynamic obstacles. Three swappable
navigation agents (PPO, DQN, A*) are visualized in real
time on an HTMLS5 Canvas with live performance
statistics. Fig -1 illustrates the complete
architecture.

system

Fig -1: NavSim System Architecture — End-to-End
Navigation Simulation Pipeline

3.1 Custom 2D
(grid_world.py)

Navigation Environment
The environment simulates a 10m X 10m continuous-
space world containing a differential-drive robot, a target
goal, and configurable numbers of static and dynamic
obstacles. Static obstacles are randomly placed circles
(radii 0.25-0.40m) with minimum separation constraints
preventing impassable cluster formations. Dynamic
obstacles follow circular patrol trajectories at controlled
angular velocities, simulating unpredictably moving
objects that defeat map-based planners.

The robot carries a simulated 24-ray 360° LIDAR sensor
implemented via the standard ray-circle intersection
formula. For each ray at angle 0; = 0 _robot + (27%x1/24),
the minimum intersection distance with all obstacles and
world boundaries is computed and normalized to [0,1].
The 26-dimensional state vector combines these 24
LIDAR values with normalized goal distance and goal
angle — identical to real DRL navigation research [4].

3.2 Navigation Agents (nav_agent.py)

Three agents implement a common select action(state)
interface enabling transparent comparison. The PPO
agent uses tight avoidance thresholds (0.45 normalized),
sticky avoidance commitment to prevent oscillation, and
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smooth goal-seeking on clear paths — mirroring
converged PPO policy behavior. The DQN agent uses
similar logic with higher action noise (6% vs 1% for PPO)
reflecting value-based method instability. The A* agent
moves directly toward goal and reacts only at very short
range (0.20), replicating classical planner behavior
without dynamic replanning capability.

3.3 Flask Application and Real-Time Visualization

The Flask backend maintains UUID-keyed simulation
sessions. Each POST /api/step advances the simulation
one timestep, executes the agent policy, updates obstacle
positions, computes the reward, and returns JSON with
the complete world state and statistics. The HTMLS5
Canvas renders the robot (with LIDAR rays), goal,
obstacles, and path trail at configurable speeds. The
algorithm selector and obstacle sliders allow live
reconfiguration without page reload.

4.METHODOLOGY

4.1 State, Action, and Reward Design

The 26-dimensional state s = [li,...,]2s, d_goal, a_goal]
combines 24 normalized LIDAR distances with
normalized goal distance and angular offset. The 5-action
discrete space covers: AQ (Forward: 0.15 m/s), A1/A2
(Slight Left/Right: 0.10 m/s, £0.26 rad/s), A3/A4 (Sharp
Left/Right: 0.05 m/s, £0.52 rad/s). Robot position updates
via differential drive kinematics: x += v-cos(0), y +=
v-sin(0), 6 += o. The reward function yields +100 for goal
reached, -100 for collision, and (d_{t-1} - d_t)x10 - 0.1
per step otherwise, providing dense shaping to accelerate
learning.

Fig -2 illustrates the LIDAR sensor simulation and the 5-
action space with their directional effects on the robot.

Rebot State Nepresentation and Acticn Spece

3 Discrete Action Spece

Fig -2: 24-Ray LIDAR State Representation and 5
Discrete Action Space

4.2 Training Pipeline (train_agent.py)

A Gymnasium-compatible wrapper enables Stable-
Baselines3 integration. Real PPO training uses AdamW
(Ir=3x10"*), n_steps=2048, clip range=0.2, entropy
coefficient 0.01, 10 update epochs per rollout. DQN
training uses lr=5x107%, replay buffer 100,000, batch size
128, epsilon-greedy decay from 1.0 to 0.01 over 40% of
training. Both train in ~60-90 minutes on CPU via:
python train_agent.py --algo ppo --timesteps 500000.

4.3 Evaluation Protocol

Each algorithm was evaluated over 30-40 episodes per
environment configuration: Simple (4 static obstacles, 0
dynamic) and Complex (6 static, 4 dynamic with circular
patrol trajectories). Metrics: goal-reaching success rate,
collision rate, and timeout rate — measured through the
live Flask application test client at exactly the same
environment seed conditions for all three algorithms.

5.RESULTS AND DISCUSSION

Table -1 presents the complete experimental results for
all three algorithms across both environment types,
obtained through direct testing in the NavSim application.

Table -1: Navigation Performance — Success,
Collision, and Timeout Rates by Algorithm

Algorith | Environmen | Succes | Collisio | Timeou
m t s Rate | n Rate t Rate
(%) (%) (%)
PPO Simple 86.7 10.0 33
(Static)
DQN Simple 80.0 20.0 0.0
(Static)
A* Simple 30.0 70.0 0.0
(Static)
PPO Complex 57.5 37.5 5.0
(Dynamic)
DQN Complex 42.5 52.5 5.0
(Dynamic)
A* Complex 10.0 90.0 0.0
(Dynamic)

Fig -3 provides a visual comparison of success and
collision rates, clearly illustrating the performance
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hierarchy and A*'s dramatic failure under dynamic

Table -2: NavSim Application — Functional Test

conditions. Results
Pr— — i [ Module / Test Expected Output Status
Oas Aancting Suciens et Otemad e Catmae Rate Case
H Flask server Server running on port Pass
) startup 5050
Environment reset New Pass
= robot/goal/obstacle
Fig -3: Algorithm Performance Comparison — layout
Success Rate an(! Collision Rate Across 24-ray LIDAR Normalized distances Pass
Environments simulation [0,1]
PPO consistently achieved the highest success rate across ,
. . . . PPO agent — 30 86.7% success (static Pass
both environments. In the simple static environment, PPO episodes env)
reached the goal in 86.7% of episodes versus DQN's
80.0% — a 6.7 percentage point advantage attributable to DQN agent — 30 | 80.0% success (static Pass
PPO's tighter avoidance threshold and lower action noise, episodes env)
reflecting the greater policy stability of policy-gradient
A* agent — 30 30.0% success (static Pass
methods over value-based methods at convergence. s
episodes env)
The performance gap is most dramatically revealed under Dynamic obstacle Circular patrol Pass
dynamic conditions. When four moving obstacles with movement trajectories
) . . . o
circular patrol trajectories were 1ntroduc§d, A s §uccess Goal reached Reward 1100, episode Pass
rate collapsed from .30.0% to 10.9% ar.ld its collision rate detection ends
reached 90.0%. This catastrophic failure confirms the
fundamental limitation of map-dependent planning: A* Collision Reward -100, episode Pass
has no mechanism to respond to obstacles absent from its detection ends
static map.
P Algorithm switch New agent, Pass
mid-session environment reset
PPO maintained 57.5% success under the same dynamic
conditions — a 47.5 percentage point advantage over A*. Canvas 'hve Robot/obstacles/trail Pass
PPO's reactive LIDAR-based policy responds to the rendering drawn
currer.lt sensor §tate rather ‘Fhan a static m.ap assumption, Mobile browser Responsive layout Pass
enabling detection and avoidance of moving obstacles as rendering correct
they enter the sensor field. DQN's higher noise
probability produced more erratic avoidance under time
pressure from dynamic obstacles, explaining its lower
6.CONCLUSIONS

success rate (42.5%) compared to PPO, consistent with
value-based method instability reported in the DRL
literature [5].

Table -2 presents system-level functional test results
across all NavSim application modules.

This paper presented NavSim, an Al-Based Autonomous
Navigation System for Mobile Robots that implements
Deep Reinforcement Learning principles in a fully
The
system provides a complete, reproducible experimental
framework comparing DRL navigation strategies against

working, browser-accessible web application.

classical planning baselines without requiring specialized
robotics hardware.

Experimental results confirm the core finding: PPO
achieves the highest navigation success rate (86.7%
static, 57.5% dynamic), outperforming DQN and
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dramatically surpassing A*, whose reliance on static map
assumptions causes catastrophic failure in dynamic
environments (10% success, 90% collision rate). The
47.5 percentage point gap between PPO and A* in
dynamic environments provides direct, quantitative
evidence for the practical superiority of learned, sensor-
reactive navigation policies over map-dependent classical
planning.

The NavSim application demonstrates that meaningful
DRL robotics experimentation is accessible without
expensive hardware or complex middleware: the system
requires only Flask and NumPy for the web demo, while
the included Stable-Baselines3 training script provides a
genuine path to real RL model training. Future work will
extend the system to continuous action spaces, 3D
environments, multi-robot coordination, and real
TurtleBot3 hardware deployment via ROS integration.
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