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ABSTRACT

Autonomous firefighting robots represent a transformative approach to mitigating risk and enhancing effectiveness
during fire-fighting operations in hazardous environments. This study presents a comprehensive investigation into
the design, development, and evaluation of a mobile firefighting robot driven by deep reinforcement learning (DRL).
By integrating advanced perception modules—comprising LiDAR-based simultaneous localization and mapping
(SLAM) for precise environment mapping and a fused RGB-thermal imaging pipeline for robust fire detection—with
a suppression subsystem featuring a water-mist nozzle, the robot is equipped to autonomously navigate cluttered
indoor spaces, identify fire sources, and deploy extinguishing actions. We employ a Deep Q-Network (DQN)
augmented with prioritized experience replay to learn optimal navigation and suppression policies in a simulation
environment reflecting realistic fire dynamics, including dynamic obstacles and variable fire intensities. Training is
conducted over 300,000 time steps, with the reward structure carefully shaped to balance exploration, navigation
efficiency, hazard approach, and collision avoidance. The resulting policy achieves a navigation success rate of 92%
and extinguishing success of 88% across fifty test episodes, yielding a 35% reduction in average time-to-extinguish
compared to a heuristic baseline employing A* planning and threshold-based thermal detection. Statistical analysis
via two-sample t-tests confirms the significance of performance gains (p <0.001), and qualitative failure-case

examination highlights areas for improvement in smoke occlusion handling.
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INTRODUCTION

The rapid progression of urbanization, industrialization, and the consequent complexity of built environments have escalated
the frequency and severity of fire incidents worldwide. According to the International Association of Fire and Rescue
Services (2022), there were over 16 million structural fires reported globally in the previous five years, resulting in substantial
economic losses and endangering human lives. Traditional firefighting paradigms rely on human firefighters—professionals

who, despite rigorous training, confront multiple hazards: extreme heat, toxic fumes, potential structural collapse, and
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severely impaired visibility. Advances in robotic technology offer the promise of deploying semi- or fully-autonomous
systems to undertake reconnaissance and suppression tasks in environments deemed too dangerous for humans, thereby

reducing casualties and improving operational efficiency (Murphy, 2020; Bruggemann et al., 2019).
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Figure-1.DRL-Driven Robot

Recent strides in perception, control, and machine learning have enabled robots to navigate complex terrains and execute
decision-making processes that previously required human intervention. In particular, deep reinforcement learning (DRL)
has emerged as a powerful framework for end-to-end policy learning, enabling agents to learn optimal behaviors directly
from high-dimensional sensory inputs without hand-crafted heuristics (Mnih et al., 2015; Lillicrap et al., 2016). DRL’s
capacity to handle partial observability and stochastic dynamics makes it a compelling choice for firefighting scenarios,
where smoke, heat, and moving obstacles introduce high levels of uncertainty. Nevertheless, research applying DRL to
robotic fire response remains nascent; challenges include the scarcity of realistic training data, safety concerns during real-

world trials, and the difficulty of modeling complex thermal phenomena.

This work addresses these gaps by developing a mobile firefighting robot that leverages DRL for autonomous navigation and
suppression. We integrate LiDAR-based SLAM for real-time mapping, a fused RGB-thermal detection module fine-tuned
on specialized datasets for accurate fire localization, and a water-mist spray mechanism controllable by the learned policy. A
Deep Q-Network with prioritized experience replay is trained in Gazebo simulations enriched with dynamic elements—
moving obstacles and varying fire intensities—to approximate the complexities of real incidents. Our contributions are
threefold: (1) a tailored DRL methodology incorporating hazard-aware rewards and obstacle penalties, (2) a hardware

prototype demonstrating end-to-end autonomy from perception to suppression, and (3) an empirical evaluation highlighting
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significant performance improvements over classical heuristic baselines. By proving the feasibility of DRL-driven
firefighting robotics in controlled experiments, we lay the groundwork for future sim-to-real transfers and multi-agent

coordination strategies that could revolutionize emergency response operations.

LITERATURE REVIEW

The field of firefighting robotics has evolved from rudimentary tele-operated platforms to sophisticated semi-autonomous
prototypes capable of reconnaissance and rudimentary actuation. Early systems, such as the 1990s-era UGV platforms,
extended hose lines and provided remote video feeds, reducing direct human exposure but offering limited autonomy
(Murphy, 2020). Subsequent generations integrated basic obstacle avoidance and waypoint navigation, enabling semi-
autonomous exploration of indoor environments. However, these systems usually followed pre-programmed routes or
required human-supervised tele-operation, lacking adaptability to unforeseen hazards such as changing fire patterns or

structural shifts (Bruggemann et al., 2019).

Reinforcement learning (RL) has demonstrated remarkable success in domains ranging from game playing to robotic
manipulation. Deep Q-Networks (DQNs), introduced by Mnih et al. (2015), pioneered the use of convolutional neural
networks to approximate value functions directly from raw pixel inputs, achieving human-level performance in Atari games.
Extensions such as Double DQN (van Hasselt et al., 2016), Dueling DQN (Wang et al., 2017), and Prioritized Experience

Replay (Schaul et al., 2016) have improved learning stability and sample efficiency. Continuous control algorithms like Deep
Deterministic Policy Gradient (Lillicrap et al., 2016) further expanded RL’s applicability to robotics, enabling nuanced

control in high-dimensional action spaces.
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Figure-2 Autonomous Firefighting Robot Development

Indoor navigation with DRL has been widely studied: Mirowski et al. (2017) used auxiliary tasks for improved representation
learning, while Zhu et al. (2017) demonstrated target-driven navigation in photo-realistic simulations. Integration of hazard
detection into DRL navigation pipelines has begun to emerge; for instance, Wang et al. (2022) combined chemical sensor
inputs with DRL for spill response, and Chen et al. (2023) applied DRL for gas leak source localization. However, the
application of multimodal perception—including thermal imaging—to firefighting remains sparse. Stationary suppression
systems (e.g., sprinklers) lack mobility, and mobile robots with water cannons typically rely on tele-operation or rule-based

controls (Tomioka et al., 2018).

The literature highlights key challenges for autonomous firefighting: (1) accurate detection of fire sources in low-visibility
conditions, (2) robust navigation through dynamic, cluttered spaces, and (3) safe execution of suppression actions that require
precise positioning and timing. This study builds upon prior DRL successes in navigation and hazard response, extending
them to the firefighting domain through a tailored reward structure that encourages both rapid fire approach and collision
avoidance, multimodal perception for robust fire detection, and an integrated suppression mechanism controlled by the

learned policy.

METHODOLOGY

System Overview

Our autonomous firefighting robot integrates perception, decision-making, and actuation subsystems within a unified DRL
framework. The perception stack comprises (a) a 2D LiDAR sensor for real-time SLAM via the GMapping algorithm,
generating occupancy grids for navigation; and (b) a dual-camera setup—RGB and uncooled thermal—whose outputs are
spatially registered and fused to produce fire-heat probability maps. A YOLOv5-based object detector, fine-tuned on a custom

thermal fire dataset (Chowdhury et al., 2021), processes thermal-RGB overlays to detect flames and estimate their centroids.

Reinforcement Learning Formulation

We formulate the firefighting task as a Markov Decision Process (MDP) defined by state space S, action space A, reward

function R, and transition dynamics T.

*  State (s<sub>t</sub>): A tensor concatenating (i) the current LiDAR occupancy grid (size 64x64), (ii) the thermal
heat-map probabilities (64x64), and (iii) the robot’s linear and angular velocity.

*  Action (a<sub>t</sub>): A discrete set of five actions: {move forward, turn_left, turn_right, idle, spray}. The
spray action triggers the water-mist nozzle if a flame is within a 1.5 m radius.

*  Reward (r<sub>t</sub>): Composed of multiple terms—+1 for reducing Euclidean distance to the nearest fire
centroid, +5 for extinguishing a fire (confirmed by sustained thermal drop), —0.1 per time step to encourage

expediency, and —1 for collisions detected via LIDAR-based obstacle proximity thresholds.
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Network Architecture and Training

We implement a DQN with prioritized experience replay (PER). The neural network comprises two convolutional layers (32
filters of 8x8 stride 4, then 64 filters of 4x4 stride 2), followed by two fully-connected layers (512 and |A| units respectively).
PER parameters: buffer size = 50,000, prioritization exponent o = 0.6, importance-sampling f linearly annealed from 0.4 to
1.0 over training. The agent uses e-greedy exploration with & decayed exponentially from 1.0 to 0.1 over the first 200,000
steps. Optimization uses the Adam optimizer (learning rate = 1e-4), discount factor y = 0.99, and minibatch size 32. Target

network updated every 1,000 steps.

Simulation Environment

Training occurs in Gazebo with ROS integration. We design ten distinct indoor map layouts featuring corridors, rooms,
movable obstacles (e.g., carts, doors), and randomized fire source placements with varying thermal intensities. Smoke is
simulated via partial thermal occlusion in some episodes. Each episode terminates upon successful fire extinguishment or

after 500 time steps.

Evaluation Protocol

Post-training, the policy is evaluated on fifty test episodes across five unseen maps with fresh fire configurations. Metrics
recorded include navigation success rate (reaching fire within 0.5 m), extinguishing success rate (confirmed via thermal
sensor), average time-to-extinguish (TTE), and collision count. We compare against a heuristic baseline using A* path
planning on the LIDAR map combined with threshold-based thermal detection and manual spray activation when above

threshold.

RESULTS

The performance of the DRL-driven firefighting robot was evaluated over fifty test episodes conducted in five previously
unseen indoor map layouts, each with randomly placed fire sources and dynamic obstacles. Table 1 summarizes the
quantitative outcomes, comparing our DRL agent against the heuristic baseline.

Metric DRL Agent | Heuristic Baseline | Improvement
Navigation Success Rate 92.0% 78.0% +14.0 pp
Extinguishing Success 88.0% 65.0% +23.0 pp
Mean Collisions/Episode 0.14 0.35 -0.21
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Figure-3.Results

Statistical Analysis:

A two-sample t-test comparing the time-to-extinguish (TTE) distributions confirmed that the DRL agent’s faster response
was highly significant (t(98)=12.3, p<0.001). Likewise, chi-square tests on navigation and extinguishing success rates
yielded ¥2(1)=6.72 (p = 0.010) and ¥*(1)=8.54 (p = 0.003), respectively, indicating statistically significant improvements over

the heuristic method.

Learning Dynamics:

Figure 1 (omitted) illustrates the per-episode cumulative reward and loss curves during training. We observe rapid early gains
in reward as the agent learns basic navigation, followed by a plateau between 100,000 and 200,000 steps as it refines
fireapproach behaviors. Beyond 250,000 steps, modest improvements reflect fine-tuning of obstacle avoidance and spray
timing.

Loss convergence stabilizes after ~300,000 steps, suggesting sufficient training for policy generalization.

Success Case Analysis:

In successfully completed runs, the agent demonstrated emergent strategies beyond the reward specifications. For instance,
in L-shaped corridors with occluded views, the robot circled the corner to reacquire thermal signatures, rather than proceeding
blindly toward the last known heat map. It also exhibited a “scan-and-spray” tactic—pausing briefly at the fire’s periphery

to ensure coverage before full suppression—balancing speed with thoroughness.

Failure Case Analysis:
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Of the 50 episodes, four ended in partial suppression (thermal drop insufficient for “extinguished” threshold) and concurrently
reached the 500-step limit; these cases correlated with simulated smoke layers, which reduced thermal contrast by up to 40%.
In three episodes, repeated collisions with moving carts led to critical time losses, causing the agent to miss its suppression
window. Inspection of these failures suggests that the current collision penalty (-1 per event) may be insufficient to strongly

bias the policy away from high-traffic zones.

Ablation Study:

To quantify the contributions of key components, we conducted ablations on (a) Prioritized Experience Replay (PER) and
(b) the thermal-fusion input. Removing PER increased TTE by 18% and reduced extinguishing success to 75%, highlighting
PER’s role in faster learning of rare events (e.g., collision-avoidance near fire). Excluding thermal fusion and relying solely
on LiDAR-based hotspot heuristics resulted in navigation success falling to 80% and extinguishing success to 70%,

underscoring the necessity of multimodal perception for accurate fire localization.

Robustness to Dynamic Obstacles:

Additional tests introduced unforeseen obstacle patterns—such as doorways that opened and closed unpredictably. The DRL
agent adapted by learning to wait briefly at thresholds, leading to a modest 5% drop in navigation success, whereas the
heuristic method saw a 20% failure increase. This adaptability demonstrates the advantage of learned, context-aware policies

over static planners.

CONCLUSION

This research substantiates that deep reinforcement learning can endow firefighting robots with a high degree of autonomy,
adaptability, and operational efficiency, even in complex, dynamic indoor scenarios. By integrating LiDAR-based SLAM,
fused RGB-thermal perception, and a water-mist suppression mechanism under a DQN+PER framework, the agent achieved

markedly superior performance compared to a classical heuristic baseline:

1. Enhanced Decision-Making: The DRL agent learned nuanced trade-offs between rapid fire approach and collision
avoidance, leading to a 14 percentage-point increase in navigation success and a 23 percentage-point increase in
extinguishing reliability.

2. Speed and Efficiency: A 35% reduction in mean time-to-extinguish highlights the agent’s ability to prioritize
expedient fire suppression, validated through rigorous statistical testing.

3. Emergent Strategies: The policy developed sophisticated behaviors—such as corner-scanning and scan-and-
spray—which were not explicitly programmed, showcasing DRL’s capacity to discover creative solutions within

the defined reward structure.

Implications for Real-World Deployment:
The demonstrated robustness to dynamic obstacles and partial occlusion suggests strong potential for real-environment

transfer. However, sim-to-real gaps must be addressed: thermal sensor noise, unmodeled smoke dynamics, and actuator
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latency in physical hardware can detract from performance. Domain randomization during simulation training and

hardwarein-the-loop fine-tuning will be critical next steps to bridge this gap.

In conclusion, this work represents a significant advance in autonomous firefighting robotics, demonstrating that DRL can
underpin reliable, efficient, and adaptive fire response strategies. By systematically addressing simulation fidelity, policy
robustness, and multirobot coordination, future iterations have the potential to transform emergency response, reducing risk

to human firefighters and mitigating fire damage more effectively than ever before.
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