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Abstract. This paper presents a method based on an enhanced Q-learning algorithm to improve the efficien-
cy and safety of UAV path planning in fire detection tasks. Addressing the shortcomings of the traditional
Q-learning algorithm in complex and high-risk environments, this study incorporates a dynamic greedy strat-
egy and a risk weighting mechanism to improve convergence speed and planning safety. Experimental results
show that the improved Q-learning algorithm outperforms the classical version in convergence speed, average
cumulative reward and obstacle avoidance rate. demonstrating stronger adaptability in fire detection scenarios
with obstacles and high-risk regions. This method efficiently determines the optimal drone path from the start-
ing point to the target area while minimizing the likelihood of crossing high-risk zones, thereby improving
the safety and efficiency of fire detection. The research findings provide strong support for the path planning
problem in drone-based fire detection and offer a theoretical basis for future related research and applications.
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1 Introduction

With the rapid development of UAV technology in recent years, the use of UAVSs in firefighting and disaster de-
tection has increased, particularly in the detection and monitoring of fire situations, showing their unique advan-
tages. However, UAV path planning has many challenges when detecting complicated fire situations. Traditional
path planning methods are ineffective at responding to dynamic changes in the fire scene. They tend to get stuck
in local optimal solutions, resulting in resource waste and inefficiency. At the same time, uncertainties such as
high-temperature obstructions and smoke are common in the fire region, exposing UAVs to significant safety
risks when performing their missions. To improve the performance of UAVs in fire detection duties, it is critical
to develop a path-planning method that takes into account all environmental risk factors and is robust.

This study aims to address the efficiency and safety issues of UAV path planning in high-risk fire environ-
ments by proposing a fire detection path planning method based on an improved Q-learning algorithm. By in-
troducing a dynamic greedy strategy and a risk weight mechanism, the proposed method seeks to optimize UAV
path selection in response to dynamic changes and potential hazards in fire scenarios. Fast and effective path
planning is directly related to the timeliness of fire rescue and UAV safety; in emergency situations, optimized
path planning can significantly improve rescue efficiency and reduce operational risk. The method incorporates
an environmental risk weight factor, integrating high-risk obstacles and their dynamic characteristics in fire areas
into the path planning process. It optimizes the reward function to guide UAVs in avoiding high-risk areas while
effectively reaching target locations. Additionally, a risk zone penalty mechanism is designed to make UAVs pri-
oritize safety and stability in path selection. This enhances the reliability and real-time performance of fire detec-
tion tasks.

Q-learning, a typical model-free reinforcement learning algorithm, was proposed by Watkins in 1992 [1]. Due
to its independence from prior environmental knowledge and suitability for dynamic environments, it has been
widely applied in fields such as UAV path planning. However, traditional Q-learning still faces from path plan-
ning instability and low learning efficiency when confronted with high-risk obstacles or dynamically changing
fire environments, motivating researchers to explore improved approaches. In [2], the authors proposed an opti-
mized Q-learning algorithm (O-QL), which improves path planning performance for mobile robots in complex
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maze environments by introducing a new Q-table initialization and the RMSprop method. The algorithm demon-
strates excellent performance in reducing collisions and improving success rates. In [3], the authors introduced
a Q-learning-based multi-strategy integrated artificial bee colony algorithm (QMABC), which enhances search
efficiency through diversified strategies and has been validated in unmanned vehicle path planning. In [4], re-
searchers developed an adaptive Q-learning particle swarm optimization (AQLPSO) method to improve the path
planning efficiency of multiple UAVs in complex 3D flight environments. Compared with traditional PSO and its
variants, AQLPSO shows significant advantages in avoiding local optima and accelerating global convergence.
In [5], the authors proposed a Neural-network Smoothed Fast Q-learning (NSFQ) algorithm to address the chal-
lenges of path planning and obstacle avoidance for unmanned surface vehicles (USVs). The algorithm acceler-
ates convergence by integrating RBF neural networks and employs Bézier curves for path smoothing. Simulation
results show that the NSFQ algorithm outperforms A* and RRT in terms of path efficiency and stability. Despite
these advancements, the adaptability of these algorithms in extremely dynamic environments still requires further
improvement.

Although existing studies have improved the performance of Q-learning in path planning, its adaptability and
real-time performance in highly dynamic and high-risk fire environments still need enhancement. Therefore,
this paper first addresses the path planning problem in complex indoor disaster scenarios by modeling the envi-
ronment using a grid-based method and proposing an improved Q-learning algorithm incorporating risk factors
to optimize UAV path planning efficiency in fire environments. Secondly, to address the issues of low sample
efficiency and slow convergence of traditional Q-learning in large-scale environments, a dynamic greedy strategy
is introduced, enabling the agent to explore more unknown options in the early stages of learning and exploit op-
timal strategies more effectively in later stages. Finally, a reward function model that incorporates dynamic risk
factors is constructed to enhance the robustness of UAV path selection.

By comparing the path safety and planning performance under different risk weights (w,,, = 0.3, 0.5, 0.7),
the impact of the risk perception mechanism on policy performance is validated. Meanwhile, the convergence
performance under different exploration rate decay factors (4 = 0.001, 0.003, 0.005) is analyzed. This analysis
demonstrates that a properly configured decay factor can enhance the algorithm’s convergence efficiency and sta-
bility in complex environments. Through the application of these methods, we aim to improve the path planning
performance of UAVs in fire detection tasks while ensuring operational safety, offering a practical and high-per-
forming solution.

2 Related Work

The goal of UAV route planning is to determine the best or most feasible path from a starting point to a target lo-
cation in a given environment. UAVs encounter a large number of obstacles during flight, which brings a certain
amount of risk. To ensure a smooth and safe flight, UAV mature path planning algorithms are unavoidable; to
reduce flight time and improve work efficiency, UAVs tend to choose a shorter path to fly. UAV path planning is
significant in many complicated activities, particularly in fire detection and monitoring, where path planning op-
timization is critical to improving work efficiency and safety. In recent years, several studies have suggested and
tested various path planning algorithms in a variety of settings and tasks.

In [6], the researchers reviewed drone path planning methods, introducing a novel classification of environ-
mental complexity and critically analyzing existing techniques. The study highlighted the significance of path
planning in dynamic environments, identified challenges in environmental modeling and path optimization, and
proposed future research directions. In [7], the authors conducted a review of drone path planning methods, cate-
gorizing them into five major groups: classical methods, heuristics, metaheuristics, machine learning, and hybrid
algorithms. They also critically analyzed their objectives, constraints, and environmental factors. In [8], the au-
thors proposed a drone path planning method based on obstacle modeling, ensuring collision avoidance through
mathematical proof and generating collision-free trajectories using the Dijkstra algorithm. This method has a low
computational load, making it suitable for real-time path planning. Simulation results demonstrated its effective-
ness in planning shorter and safer paths. In [9], the authors reviewed the application of artificial intelligence (AI)
in swarm drone path planning, analyzing four major approaches: reinforcement learning, evolutionary computa-
tion, swarm intelligence, and graph neural networks. The study summarized recent advancements and revealed
research trends and technological evolution through quantitative analysis, indicating continuous growth in this
field and changes in the predominant application patterns. In [10], the authors conducted a classification and sys-
tematic review of autonomous UAV path planning methods, analyzing their evolution from classical techniques
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to advanced solutions, with a particular focus on path planning in dynamic environments. The study compared
different methods in terms of time efficiency, environmental adaptability, and testing platforms, highlighting
challenges in obstacle avoidance, real-time responsiveness, and energy consumption management, while also
suggesting future research directions.

In fire detection missions, UAV path planning faces increasingly challenging problems. The heat, smoke, and
barriers at the fire site require path planning algorithms that not only take the shortest route but also avoid high-
risk regions. In [11], a drone-based forest fire patrol path planning strategy was proposed, which emphasizing the
importance of path planning in fire patrols, particularly in avoiding obstacles and improving patrol efficiency in
complex forest environments. This study provides new insights into the application of drone path planning for
forest fire prevention and control. In [12], an autonomous flight trajectory planning method have been proposed,
which can optimize drone paths using a multi-criteria algorithm to identify fire ignition sources at an early stage.
This method employs a three-stage flight plan, integrating local differential operators and a nine-element matrix
to assess hazardous substance concentrations, enabling precise localization and efficient navigation. In [13], the
authors proposed a forest fire escape route planning method based on an improved A* algorithm, incorporating
FAHP-CRITIC weighting analysis of 11 influencing factors to enhance escape safety. In [14], a modified ant col-
ony algorithm was proposed for escape route planning, which integrated a fire spread model to enhance accuracy
and adopted the A algorithm to improve convergence speed. In [15], an improved adaptive ant colony optimiza-
tion (IAACO) algorithm was proposed for intelligent planning of building fire evacuation routes. This algorithm
optimizes heuristic functions and pheromone updates by considering risk, energy consumption, and path length,
enhancing global search capability. Experiments demonstrated that compared to traditional ACO and IACO
methods, JAACO reduces path suboptimality in various environments and exhibits superior dynamic planning
performance under multi-exit and multi-fire-source conditions, making it suitable for fire evacuation simulations.

3 Fire Detection UAV Path Planning Method

In this research, a UAV path planning algorithm based on improved Q-learning is proposed to address the issues
of adapting to dynamic environments and ensuring path safety in fire detection scenarios. The system consists of
elements for environment modeling, reward function design, and Q-learning algorithm optimization, enabling
UAVs to perform path planning and fire source localization quickly and efficiently in fire situations. Each of
these components is elaborated in detail below.

3.1 Grid Environment Modeling

In fire detection tasks, the fire zone often expands dynamically, characterized by high temperatures, smoke, and
other hazards. Environment modeling, which simulates objects and features within this context, forms the basis
for path planning. By modeling indoor barriers and humans prior to path planning, this approach ensures a clear-
er understanding of complex environmental details, leading to precise and thorough path planning, and support-
ing autonomous navigation in challenging conditions.

The UAV flight area is represented in this study by a two-dimensional grid map, which is divided into multi-
ple grid cells to model the environment. Each grid can be represented by the index number and the right-angle
coordinate method. The black grid is the obstacle grid, also known as the “obstacle area” or “high-risk area,” and
the white grid is the passable grid, also known as the “feasible area” (show Fig. 1(a)). And the impediments that
prevent the UAV from flying in this environment are inflated (show Fig. 1(b)). The specific rules are as follows:

Feasible areca (white grid): Areas where UAVs can fly safely.

Obstacle area (black grid): Areas where there are construction objects, objects or other physical obstacles that
the UAV may not penetrate, such as (D is a pillar and ) is a table in Fig. 1.

High-risk area (black grid): Areas near fire sources with higher temperatures or higher smoke concentrations
are potentially dangerous. The UAV needs to avoid these areas as much as possible, as shown in Fig. 1, where (3
is the area of the fire source.

Additionally, fire parameter mapping and grid resolution selection: The grid resolution (20%20) is designed to
balance the dynamic characteristics of fire and drone maneuverability. The specific criteria are as follows:

Fire Spread Rate: The fire spreads at a rate of 1 meter per second. The grid size (assumed to be 5 meters) must
be less than five times the spread rate to ensure real-time updates of high-risk areas.
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Drone Maneuverability: The minimum turning radius of the drone is 3 meters, and its flight speed is 5 m/s. A
grid resolution that is too fine (e.g., 1 meter) would cause frequent path adjustments, reducing planning efficien-
cy. Based on this trade-off, a 20x20 grid is chosen to balance modeling accuracy and computational real-time
performance.

Dynamic Obstacle Update Mechanism: To reflect the dynamic changes in fire spread, the environmental mod-
el detects fire propagation every 50 iterations and updates the grid states accordingly.

High-Risk Area Expansion: The grid containing the fire source and its adjacent grids are updated as high-risk
areas based on the heat conduction equation.
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Fig. 1. Grid environment modeling

Obstacle Generation: When combustible materials collapse, new obstacle grids are randomly added, updating
the state transition matrix and marking impassable areas, as shown in Eq. (1).
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3.2 Q-learning Optimization Algorithm

Reinforcement learning is a distinctive method that utilizes environmental feedback as input. The core concept of
reinforcement learning involves the dynamic interaction between the agent and its environment. This interaction
enhances the agent’s decision-making strategies, teaching it to select actions in various states to optimize long-
term rewards and adapt to diverse environments and tasks. In reinforcement learning, the agent’s state, action,
strategy, and reward form a closed-loop feedback system. This system enables the agent to continuously learn
and improve its decision-making methods. Fig. 2 illustrates the reinforcement learning mode.
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Fig. 2. Reinforcement learning basic model
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Q-learning is the most commonly used reinforcement learning algorithm based on the value function approach
to solution. To achieve the optimal policy, Q-learning iterates on state-action pairs Q (s, a). In every iteration, the
algorithm checks the value of each state-action pair Q (s, a). Q (s, a) represents the expected return of each action
performed by the robot in each state. During iteration, Q-learning creates a sequential a table Q {s, a} with values
representing the cumulative expected return of taking action a in state s. The UAV’s or robot’s) decision-making
process consists of determining the best action a. The function update rule for the Q learning method is depicted
in Eq. (2).

Q(s,,a,)(— (1 _a)*Q(St’a1)+ a *|:rr+1 +y max Q(St+1’az+1):| . (2)

The above equation can also be replaced by Eq. (3) and (4)

V(s V(s)+ax[n, + WV (s.)-V(s)]. 3)

0 (s,a) (1=a)*Q (s,a)+a*[n, +/7(s.)). “)

Where Q (s,, @) means the Q value of doing action an in the current states s,, a denotes the learning rate, r de-
notes the immediate reward earned following action a, and y denotes the discount factor, which is used to balance
the relevance of future rewards.

After Q-learning has converged, a converged Q-table can be obtained to guide the UAV (or relevant agent) in
maximizing the cumulative reward and eventually learning the optimal policy to accomplish the path planning
task. When the states and actions are finite, the Q-values can be represented using Q-tables. When each state and
action has unlimited access to the Q-table, and the action is chosen after convergence, Q-learning converges to
the optimal policy, yielding the largest Q-value for each state, as illustrated in Eq. (5) below.

V*(St):maXQ(Staat). (5)

Pseudo-code for the classical Q-learning algorithm is summarized in Algorithm 1.

Algorithm 1. Classical Q-learning pseudocode

(1) Set the learning rate o, discount factor to 0, and initialize all state-action pairs Q values to zero
(2) For each trial, select an initial state s,

(3) Repeat for multiple trials, each trial as follows:

(4) Check if the current state s, is terminal:

(5) If not, select and execute an action a,

(6) Obtain the immediate reward r, after executing action a,
(7) Observe the new state s,

(8) Update the Q value using the formula:

(9) Qfsu) - 1-)*0fs ) 4y x|

(10) Update s, to s,., for the next iteration

(11) End the trial when s, is a terminal state

(12) Loop ends

(13) Derive the optimal policy V*(s,) from the Q values, which is the action a that maximizes Q for each state s,
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3.3 Reward Function Design

The reward function is a necessary component of the Q-learning algorithm, and it has a direct impact on the
efficacy of path planning. In the fire detection task, to ensure that the UAV can quickly approach the fire source
area while avoiding the potentially dangerous areas, the UAV’s action space is integrated into the state’s position.
There are four actions: up, down, left, and right, which are indicated by the blue arrows in Fig. 3(a). The obstacle
area is inaccessible, as indicated by the red arrows in Fig. 3(a). Also, the diagonal area is considered due to the
irregular shape of the environment.

When an agent performs a certain action in a given state, it receives an appropriate reward. When the agent
is at the edge of the scene, it can only perform two possible actions, as shown in Fig. 3(b). The feedback from
the environment is obtained in three cases: when approaching the target fire region, the agent gets a reward of 1;
when approaching the obstacle region, the reward is -1; and otherwise, the reward is 0, as shown in Fig. 3 in (c),
(d), and (e).
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Fig. 3. Reward function design

When the intelligent body acts in the ith state, it receives the reward can be stated using the formula Equation

(6).

1, reach the target fire area
A(s,.,a) =<—1, reach the obstacle area . (6)

0, reach the other area

In this study, we propose a reward function that fits task efficiency with security. The function contains the fol-
lowing important parts:

1) Target Reward (R,,,): When the UAV successfully approaches the fire location, it receives a high positive
reward, R,,,, to motivate it to approach the fire as soon as possible and accomplish the task. Specifically, the tar-
get reward might be set to a huge constant value that matches the mission’s overall purpose.

2) Step Penalty (R,,,): To regulate the length of the path and prevent the UAV from taking a long diversion,
this study proposes the step penalty R, . A little negative reward is supplied for each step of the process, moti-
vating the UAV to take a shorter path, reducing path length, and increasing task efficiency.

3) Obstacle Penalty (R,,....): To prevent UAVs from striking obstacles or entering risky areas throughout the
operation, a significant negative reward R, is given whenever a UAV enters an obstacle area. This penalty
term is intended to drive the algorithm to avoid obstacles as much as possible in order to ensure the safety of the
drone.

4) Risk penalty (R,;,): To make the UAV avoid high-risk areas near the fire source, this research incorporates
risk weights into the reward function. The risk weights are changed constantly based on the distance D between
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the UAV’s current location and the fire source. When the UAV is closer to the fire source, the risk penalty rises.
The risk penalty term is Eq. (7).

Rrisk = a)risk : D (7)

Here, D represents the straight-line distance between the drone’s current position and the fire source. @, is
the risk weight based on distance from the fire source, dynamically calculated using fire sensor data, including
temperature (T) and smoke concentration (C):

T 4 C

. =06 +04. ——.
ok 800°C 500 ppm ®)

Combining the aforementioned reward and punishment terms, the overall reward function proposed in this
study is Eq. (9):

R = R ta- Rgoal - ﬂ : Rob.s'rac/e - a)risk ' D (9)

step

Here, a and f are weighting parameters used to balance the relationship between the goal reward R,,, and the
obstacle penalty R,,....., ensuring both path safety and task effectiveness. Based on empirical analysis, the key
parameter selection in this study is as follows: a = 1.2, f= 1.5, w,,, = 0.5.

Experimental results indicate that an excessively high a value (>1.5) may cause the drone to overlook obstacle
risks. When w,,, = 0.5, the path length and safety are relatively balanced, whereas w,,, = 0.7 allows the drone to
completely avoid high-risk areas but increases the path length by approximately 8%. Considering these factors,
this study selects appropriate parameters to ensure efficient and stable drone navigation in fire environments.

3.4 Improving Q-learning Optimization Algorithm

To improve the convergence efficiency and dynamic adaptability of path planning, this work refines the classic
Q-learning algorithm, which performs poorly in dynamic environments and hazardous areas. The two compo-
nents of the improvement approach are as follows.

Dynamic Greedy Strategy. This research proposes a dynamic strategy for improving UAV adaptability in unex-
pected situations. The algorithm begins with a high exploration rate (€) and gradually decreases it as the training
process progresses, leading to the more frequent selection of the optimal path. The formula is shown in Eq. (10).

6t = 6min +(6max _emin )e_ﬂ’t' (10)

¢, =0.1+0.8¢ " (11)

Where €, and €, are the maximum and minimum exploration rates, respectively, 4 is the exploration rate
decay parameter, and t is the current number of cycles. As a result, the algorithm can explore a sufficient number
of options at an early stage before stabilizing to select the optimal path later.

To adapt to different fire environments, this study optimizes the exploration rate decay factor A. When the fire
spreads rapidly (e.g., advancing two grid cells per second), increasing 4 to 0.005 accelerates convergence and
reduces exploration in high-risk areas. In relatively stable fire conditions, setting 2 = 0.001 ensures sufficient
exploration. When 4 = 0.003, it helps balance exploration and exploitation, enabling the algorithm to adapt more
efficiently to dynamic fire environments.
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Risk-weighted Update Mechanism. The typical Q-learning update formula is based on the current state’s re-
ward value and the maximum Q value of the future state. However, in the fire detection task, if the future state is
in a high-risk region, the algorithm may still take a dangerous path. As a result, this study proposes a risk-weight-
ed update method to modify the Q-value update formula Eq. (12) based on the risk factor of the current state:

o(s,a) < o(s,a)+a [R(s, a)+y(l-w,,) max o(s',a")—o(s, a)} (12)

Among them:

*  w,y are risk weight, updated in real-time based on fire sensor data, with parameter adjustments every 10
iterations.

*  m, higher when the future state is in the high-risk region,
*  Reduces the magnitude of the Q update, prompting the algorithm to choose a safer path.

3.5 Algorithm Flow

The flow of the improved Q-learning algorithm in this paper is shown in Fig. 4.
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Fig. 4. Improvement of Q-learning algorithm flow

42



Journal of Computers Vol. 36 No. 6, December 2025

Table 1. Algorithm flow analysis

Step Explanation

Q-table initialization Set the initial position of the UAV, environment map, and Q-value table

In each episode, select the optimal or random action based on the current state and poli-
cy, then calculate the new position and state

Update Q-values based on the reward function, including target reward, step penalty, ob-
stacle penalty, and risk penalty

Risk weight update Use the improved Q-learning update formula to update the Q-table

Iterative training

Reward calculation

Convergence condition check Stop training when Q-values stabilize or the maximum number of episodes is reached

3.6 Algorithm Complexity Analysis

The algorithm involves accessing and updating the Q-table in each state update, with a time complexity of
O(N-T), where N is the number of states and T is the maximum number of steps. The incorporation of the
risk-weighting mechanism and dynamic greedy strategy does not significantly increase computational overhead,
thus balancing computational efficiency while ensuring path optimization effectiveness.

Additionally, in terms of real-time performance, dynamic parameter updates (e.g., adjusting 4 and obstacle de-
tection) introduce only an O (1) overhead. Experimental results show that the average training time per iteration
is 2.1 seconds (Intel 17-12700K), meeting the real-time requirements of fire scenarios, where fire spread updates
occur at intervals of at least 5 seconds.

4 Experimental Settings

The purpose of this experiment is to verify the effectiveness and superiority of the improved Q-learning algo-
rithm in fire detection path planning. The experiment compares the path planning performance of traditional and
improved Q-learning algorithms to determine differences in convergence speed, average cumulative reward, and
obstacle avoidance rate. The experimental setup is divided into the following sections:

4.1 Experimental Environment

The studies were carried out using a PC equipped with an Intel Core 17-12700K processor and 16GB of RAM.
To ensure data objectivity and repeatability, the experiments were carried out under identical environmental and
hardware conditions. The UAV’s flight environment was simulated using a 20x20 raster map, with the initial po-
sition (1,1) in the upper left corner and the fire source fixed in the lower right corner (20,20). To simulate barriers
like buildings and trees, 10% of the obstacles were randomly placed on the map. Furthermore, high-risk regions
are established near the fire source, and different risk factors are assigned to different areas in order to simulate
the risk of heat and smoke around the fire.

4.2 Experimental Steps
The experimental steps are shown in Table 2.

Table 2. Experimental steps

Step Explanation
e To initialize the raster map, barriers, and high-risk zones, parameterize each algorithm inde-
Initialization
pendently.
The algorithm determines the next state and the reward, selects an action based on the greedy ap-
Algorithm training proach and current state, and updates the Q value until it reaches the end point or the maximum

number of steps in each round.
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To observe the algorithm’s convergence properties, the cumulative reward, path length, and
avoidance of obstacles or high-risk zones were recorded for every round throughout the training
phase.

Data recording

Dynamic environment
update

Every 50 iterations, the fire spread is assessed, updating the distribution of obstacles and high-
risk areas, and reinitializing the drone’s position to a safe area.

Following algorithm training, the two methods were compared in terms of path safety (the per-
centage of obstacles and high-risk areas avoided), path optimization efficacy (final path length),
and speed of convergence (cumulative rewards over the number of rounds).

Performance evaluation

4.3 Performance Evaluation Indicators

In order to comprehensively assess the effectiveness of the improved Q-learning algorithm, the experiment uses
the evaluation metrics shown in Table 3.

Table 3. Evaluation indicators

Instructions

To determine whether the algorithm can rapidly converge and accrue more prizes, compute the curve
of cumulative awards as a function of the number of rounds.

Indicator

Convergence rate

Record the final path length for each round and evaluate whether the path generated by the algorithm
is optimized, i.e., the goal is reached using the shortest way.

Statistical algorithms to avoid obstacles and high-risk locations on the path and calculate the fraction
of obstacles and high-risk areas avoided, which is used to quantify the algorithm’s safety.

Calculate the average reward per round as a metric of the algorithm’s learning efficiency to assess
the algorithm’s adaptability in various situations.

Comparison of the effect of different w,,, and 4 values on performance metrics (e.g., path length
+8%)

Path length

Path security

Average cumulative
award

Parameter sensitivity

4.4 Experimental Comparison of Algorithms

The experiment selects the classic Q-learning algorithm as a comparison method and verifies the superiority of
the improved Q-learning algorithm in UAV path planning for fire detection through comparative analysis. First,
in the static parameter group, the path safety and length were compared under w,,, values of 0.3, 0.5, and 0.7.
Second, in the dynamic parameter group, the differences in path planning between dynamically calculated w,;;
and a fixed w,;; of 0.5 were analyzed. Finally, in the decay coefficient group, the impact of different decay co-
efficients (A = 0.001, 0.003, 0.005) on convergence speed was compared. The algorithm parameter settings are
shown in Table 4.

Table 4. Algorithm parameter setting

Parameters Value Remarks

Learning rate o 0.1 Controls the update rate of Q-values

Discount factor y 0.9 Balances the weight between current rewards and future rewards

Maximum training episodes 5000 Thg maximum number of episodes the algorithm runs in each ex-
periment

Maximum steps per episode 100 The maximum number of steps the UAV executes in each episode

Maximum exploration rate €,,,, 0.9 Initial exploration probability

Minimum exploration rate €, 0.1 Minimum exploration probability

Exploration decay factor 4 0.001-0.005 Dynamically adjusted based on fire spread rate (default 0.003)

Risk weight o,,, 0.3/0.5/0.7 Static values for comparative experiments; dynamically calculated
based on sensor data

Dynamic obstacle update Update every 50 Simulated fire spread-generated obstacles

frequency episodes

44



Journal of Computers Vol. 36 No. 6, December 2025

5 Experiment and Analysis

This section compares and analyzes the performance of the conventional and improved Q-learning algorithms in
fire detection UAV path planning. The experimental results include evaluations of four performance metrics: con-
vergence speed, path length, path safety, and average accumulated reward. Because the experimental results can
reach the optimal result after many iterations, the experiment selected a variety of cases in which the obstacles in
the path accounted for 10%, 30%, 50%, and 70% of the feasible area for comparison. By comparing the experi-
mental results, we can analyze in depth the advantages and effects of the improved algorithm.

In the experiment, black regions represent obstacles (impassable areas), pink regions indicate high-risk arecas
(near fire sources, with color depth representing risk levels), and the red polyline represents the optimal path
planned by the UAV. As shown in Fig. 5(a), the fire source area is relatively small, and the UAV successfully
avoids obstacles while moving toward the target area. Fig. 5(b) illustrates the spread of the fire, where the pink
high-risk area significantly expands. However, the UAV is still able to dynamically adjust its path, avoid high-
risk areas, and approach the fire source. These results intuitively demonstrate the differences between various
algorithms in path optimization, obstacle avoidance, and adaptability to dynamic environments.

Raster maps of dynamic fire environments
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Fig. 5. Raster maps of dynamic fire environments

5.1 Convergence Speed and Stability

Experimental results show that the improved Q-learning (w=0.5) achieves faster convergence and higher stabil-
ity in different obstacle environments (Fig. 6). The improved Q-learning algorithm effectively reduces early -
stage fluctuations and enhances exploration efficiency. In high-obstacle environments (50%-70%), as shown in
Fig. 6(c) and Fig. 6(d), its convergence time is significantly shorter than that of the original Q-learning, which
exhibits greater fluctuations and weaker adaptability in complex environments. By optimizing risk weights, the
improved Q-learning enhances policy stability and environmental adaptability. Compared to fixed risk weight
(w=0.5) setting and the original Q-learning, it converges faster and demonstrates more stable performance, as
shown in Fig. 10.

Furthermore, different exploration rate decay factors (4=0.001, 0.003, 0.005) also affect convergence speed
and stability (Fig. 7). In low-obstacle environments (10%-30%), as shown in Fig. 7(a) and Fig. 7(b), all decay
factors achieve relatively fast convergence with minimal impact. However, in high-obstacle environments (50%-
70%), as shown in Fig. 7(c) and Fig. 7(d), a smaller decay factor (1=0.001) prolongs the exploration phase, re-
sulting in greater policy fluctuations. In contrast, a larger decay factor (4=0.005) reduces ineffective exploration
more quickly, accelerates convergence, and enhances stability. Therefore, in simple environments, the decay fac-
tor has a minimal impact, whereas in complex environments, a larger decay factor is more beneficial for improv-
ing convergence efficiency and policy stability.

45



Fire Detection UAV Path Planning Based on the Improving Q-learning Optimization Algorithm

nce speeds

4odCamparison of original and improved Glearming con
-110
-120

130

B
S a0
= 180
= 180
3
g
& an
180 ¢
190 + g Qe
Inproved @ leaming €45
200 . . T z
0 200 00 00 800 1000
Training Episodes
(a)
1o ison of original and improved Q-leaming convergence speeds
102
104
-108
=
E -108
%
s .10
FIRL)
g
]
G
116
e — e p—
—— iaprovel Qeaming (w4
120 - -
0 200 100 00 800 1000
Training Episodes
(©)

Cumulative Reward

Cumulative Reward

rison of original and improved Q-leaming conves speeds.

ns

120

125 §

130

-135

401 EoRr—

mproved @ caming (oe15)]
145 - - - -
0 200 400 600 800 1000
Training Episodes

JoSomparisen of I and improved Q-i ng speeds
105

110 I

15 | '

120 I
<125 ¢

Iy y—
Improved Qearing (w4)
| . . :
0 200 400 600 800 1000
Training Episodes

(a) The obstacles occupy 10% of the feasible area. (b) The obstacles occupy 30% of the feasible area. (c) The obstacles occu-
py 50% of the feasible area. (d) The obstacles occupy 70% of the feasible area

Fig. 6. Comparison of original and improved Q-learning convergence speeds
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5.2 Path Optimization and Security

In terms of path length and path safety, Fig. 8 presents the final paths generated under obstacle ratios of 10%,
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30%, 50%, and 70% of the feasible area. When obstacles are sparse (Fig. 8(a) and Fig. 8(b)), the generated paths
are nearly straight, allowing the UAV to reach the target point quickly. As the number of obstacles increases (Fig.
8(c) and Fig. 8(d)), the paths become more winding, indicating that path planning is constrained by obstacles.
However, the proposed method can still effectively avoid obstacles. Ultimately, the paths converge to the optimal
solution, demonstrating that the improved Q-learning algorithm can discover more efficient paths during the ex-
ploration process.

Raster maps of dynamic fire environments
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Fig. 8. Path comparison under four scenarios
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Fig. 9. Obstacle avoidance rates with different risk weights
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Fig. 9 further verifies the impact of different risk weights on path safety. As the number of episodes increases,
all three risk weights eventually converge, with the avoidance rate dropping to zero, indicating that the algo-
rithm has good adaptability. As the obstacle ratio increases, the convergence time becomes longer. The high-risk
weight (w=0.7) exhibits greater fluctuations and slower convergence in complex environments, whereas the low-
risk weight (w=0.3) demonstrates better stability. In low-obstacle environments (10%-30%), as shown in Fig.
9(a) and Fig. 9(b), all risk weight strategies converge quickly, and the high-risk strategy can still efficiently find a
path. In moderate-obstacle environments (50%), as shown in Fig. 9(c), a moderate risk weight (w=0.5) achieves
a better balance. In high-obstacle environments (70%), as shown in Fig. 9(d), the low-risk strategy (w=0.3) con-
verges the fastest, ensuring more stable path planning. Overall, the algorithm can ultimately find a feasible path,
and moderately reducing the risk weight helps accelerate convergence and improve stability.

5.3 Cumulative Rewards and Risk Weight Optimization

Fig. 10 and Fig. 11 illustrate the cumulative reward variations under different risk weights and the comparison
between fixed and dynamic risk weight strategies. When obstacles are sparse (Fig. 10(a) and Fig. 10(b)), the
cumulative rewards converge quickly and stabilize after 100—150 episodes, indicating that risk weight has little
impact on path optimization. As the number of obstacles increases (Fig. 10(c) and Fig. 10(d)), moderate risk
weights (0=0.3, 0.5) demonstrate more stable performance. In contrast, a higher risk weight (v=0.7) leads to
greater fluctuations in cumulative rewards due to increased exploration.

In comparison, the dynamic risk weight strategy in Fig. 11 better adapts to different environments and enhanc-
es cumulative rewards. Compared to the fixed risk weight (wv=0.5) and the original Q-learning, the dynamic risk
weight achieves faster convergence and more stable performance. As the number of obstacles increases, the fixed
risk weight strategy can still learn paths but exhibits weaker adaptability. The original Q-learning, on the other
hand, shows greater fluctuations and the slowest convergence, making it particularly difficult to find optimal
paths in high-obstacle environments. Overall, the dynamic risk weight strategy demonstrates stronger adaptabili-
ty and performs best in complex environments.
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Fig. 10. Comparison of cumulative rewards with different risk weights
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6 Conclusions

In this research, we develop and apply a UAV path planning algorithm based on improved Q-learning to the fire
detection task. The revised method improves the efficiency and safety of classic Q-learning-based path planning
by incorporating a dynamic greedy strategy and risk weights. The experimental results reveal that the modified
Q-learning algorithm performs better than the conventional Q-learning algorithm in terms of convergence speed,
path length, path safety, and average cumulative reward. During training, the revised algorithm can converge
faster and find better paths when environmental complexity and obstacle density increase, demonstrating flexibil-
ity in dynamic and high-risk contexts.

Experimental results indicate that appropriately setting the risk weight (w,,,) and exploration rate decay factor
() has a significant impact on algorithm performance. A moderate risk weight (e.g., ®,;;, =0.5) effectively bal-
ances path safety and planning efficiency across different obstacle environments. In high-obstacle environments
(obstacle ratio>50%), a lower risk weight (e.g., ,,,=0.3) demonstrates greater stability and faster convergence.
Increasing the exploration rate decay factor (e.g., 4=0.005) helps reduce ineffective exploration, accelerate con-
vergence in complex environments, and improve training efficiency and policy stability. In terms of path plan-
ning quality, risk weight has a minimal impact in low-obstacle environments. In high-obstacle environments,
dynamically adjusting the risk weight can enhance path safety and cumulative rewards.

Overall, this study proposes an efficient, stable, and safe algorithmic solution for the application of improved
Q-learning in fire detection path planning, laying a foundation for future research in related fields. The proposed
approach not only enhances the real-time performance of UAV-based fire detection tasks, ensures path safety, and
improves detection efficiency, but also provides theoretical support for the application of reinforcement learning
in high-risk dynamic environments, offering new research directions for UAV autonomous navigation
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