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Abstract 

The increasing usage of Unmanned Aerial Vehicles (UAVs) in diverse applications necessitates the 

development of effective flight control systems. A major difficulty, nevertheless, is maintaining robust 

flight control under complex and dynamic environmental conditions, such as obstacle and non-flying 

zones, wind disturbances, and sensor noise. Traditional control techniques fail to achieve required flight 

control in these environments. To address this point, an adaptive control strategy is proposed based on a 

Deep Reinforcement Learning (DRL) model to enhance the flight performance of quadcopters. The 

learning and adaptation of the DRL-based control strategy are implemented in real-time through 

continuous interaction with the environment. This is to improve flight control and achieve consistent 

UAV performance under varying conditions. Proximal policy optimization with a reward function is used 

to minimize positional errors, ensure collision-free flight paths, and reduce energy consumption. The 

developed DRL model for quadcopters is trained in a simulated environment and then tested in three 

complex environmental scenarios, including urban, forest and mountain terrains. Experimental results 

demonstrate remarkable improvements in UAV flight performance. In the training phase, the reported 

training reward increased from 10 to 110 and the train loss is dropped from 0.85 to 0.05, which indicated 

successful model learning. Also, during system verification, rewards increased from 12 to 115 and UAV 

flight path deviations were decreased from 0.5 to 0.08m. The proposed controller outperforms 

conventional approaches in urban environments by lowering average trajectory deviations to 0.2m from 

0.35m for MPC and 0.6m for PID. Also, the developed DRL-based controller outperformed the PID and 

MPC controllers, with path deviations of 0.18m in mountains and 0.12m in forests. In addition, fewer 

collision rates with obstacles are achieved with the model, 3% in forest, 1.8% in urban areas, and 4.5% in 

mountains. Furthermore, the consumed energy is reduced to 950J as compared to 1200J for PID and 

1050J for MPC. The results show the strength of deploying the proposed controller in following the 

intended UAV flight path with high precision, effectively avoiding detected conflicts and minimizing 

consumed energy by the UAV.  
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I. INTRODUCTION 

Unmanned aircraft have come to revolutionize widespread domains, including scientific, civilian, commercial, and military 

applications such as aerial photography, delivery, geographic mapping, disaster management, agriculture, law enforcement, etc. [1], 

[2], [3]. Owing to the growing demand for UAVs, it is critical that more precise flight controls need to be developed, especially in 

complex and dynamic scenarios where certain conventional controls are hardly functional [4], [5]. This is to provide a significant 

strategy needed in advanced control techniques for safe and effective UAV flight operations in changing weather and geography while 

avoiding moving or stationary obstacles in its path [5], [6].  

Numerous classical control approaches, including Proportional-Integral-Derivative (PID) controllers and Model Predictive Control 

(MPC), are applied and tested for UAV flight control and navigation [7], [8], [9], [10], [11], [12]. These approaches provide a solid 

foundation for controlling UAVs, but they struggle to adapt to the changing and unpredictable environments of the real world [13], 
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[14], [15]. The classical controllers are static and may be quite restricted in dynamic environments in which UAV must react in real 

time to disturbances and nearby conflicts in its path [16]. Consequently, research into adaptive control techniques that can learn and 

adjust in real-time has grown in popularity in an effort to enhance UAVs' performance for precise flying in challenging conditions 

[17], [18]. 

One solution to this problem is DRL-based systems, which combine deep learning with reinforcement learning. Being embedded in an 

environment, DRL agents receive feedback (either reward or punishment) and adjust their strategies so as to learn how to make 

decisions using the data observed by interacting with their environment [19], [20]. This makes it ideally suited for realizing adaptive 

control systems in UAVs, as the drone can keep learning and improving its flight control strategies using input from environment 

feedback, all in real time [21]. Significant progress has been made recently in DRL, showing strong potential to enhance UAV 

performance both in simulation and real environments. But still, most of the area remains unexplored in introducing DRL-based 

adaptive control systems to UAVs, functioning as agents over complex environments [22]. DRL, in its handling of the high-

dimensional state and action spaces inherent to UAV control, combined with its online adaptive nature, is a potential driver for 

benefiting downstream applications as a transformative approach that can help alleviate traditional approaches' limitations [23], [24]. 

Therefore, it is crucial to find out the use of adaptive control system with a Deep Reinforcement Learning model and how it can 

improve UAV flight performance in complex environments. The current study evaluates the performance of our DRL-based controller 

in a dynamic and uncertain environment by optimal control over UAV flight trajectory so that it can plan to fly, avoid obstacles, and 

maintain stable behavior. Further the model was validated through extensive simulations as well as real-world experiments and show 

that it outperforms state-of-the-art traditional control strategies, showcasing its merits for various target applications. These results will 

be used to guide further research aimed at developing reliable as well high-performance UAV control systems leading safe and green 

operation even in harsh conditions. 

The study is useful in developing more effective control strategies for UAVs, most especially when operating under dynamic, 

nonlinear working conditions where classical methods as Fuzzy Logic or PID controllers have some limitations. Given this broad 

ability to employ UAVs, from disaster response and infrastructure inspection all the way up to precision agriculture, it is perhaps clear 

that a control system for these vehicles ought to be high-efficiency, adaptive, and accurate but fail-safe in nature [25], [26], [27]. This 

is in line with the requirements set for the next generation UAVs, where autonomous behavior is mandatory. Therefore, the work 

presented in this paper provides a solution that covers an important void in automatic UAVs navigation, as it employs DRL and 

presents adaptive controls, which are also able to be learned and thus calculated online. This is in sharp contrast to traditional schemes 

where control operates purely based on environment events, and they get configured once, lose which become fixated inside state 

space. DRL works great because it can learn fast and give real-time feedback, which means that the UAV is more flexible in 

deploying paths in scenarios never seen before while ensuring collision-free plans with better stability even when confronted by 

variable environments. Beyond UAVs, the study's results could apply more broadly to other automated systems operating in complex 

environments, such as autonomous vehicles or robotic arms, making them attractive for embedding DRL to improve autonomy, 

resiliency, and robustness. 

II. DEVELOPMENT OF THE DRL-BASED CONTROLLER 

This study concentrates on a DRL-based approach to the adaptive control strategy of quadcopters. The process is systematic, starting 

by integrating deep reinforcement learning-based control models, which are then trained and evaluated with simulation data first, 

validated up to real-world applications on quadcopter models, leading further towards statistically significant results. The study 

consists of two phases: a simulation phase and the experimental stage, with iterative improvements in each case. 

A DRL algorithm is used due to its ability to work with action spaces and high-dimensional states. Proximal Policy Optimization 

(PPO) is adopted since it is performance-efficient but computationally demanding. AirSim and Gazebo are two high-fidelity 

simulators which are used to simulate UAV dynamics with various geographical and environmental parameters, including maps, 

fixed/ moving obstacles, weather conditions, and terrain changes [28], [29]. AirSim is used to accurately capture the model of the 

quadcopter dynamics, UAVs’ sensors feedback, and other real-world parameters to add complexity, including non-flying zones, 

gravity and wind, rain, etc. Terrain variation is simulated in Gazebo to include mountainous, forests, and urban areas. This in turn, 

allows the proposed DRL model to adapt to wide and complex environment variations. The DRL model accordingly allows the UAV 

to navigate within these environments effectively and in stable flight while it avoids collision with stationary and moving obstacles 

during its flight path of uneven terrain and changing attitudes to the final destination. Different UAV sensors, including GPS, 

accelerometer, gyroscope, camera, and light detection and ranging for accurate remote detection of objects in real space, are imported 

and tested in the AirSim. This is to improve the ability of the DRL model to process sensory information in real-time and accordingly 

take smart decisions. The proposed DRL model will be used to issue collision-free routes for the UAV to reach to its intended location 

in a timely manner. Important factors, including successful UAV navigation, smooth and stable flight, and optimized energy efficient 

collision-free routes, are promoted using rewards. 

III. IMPLEMENTATION OF THE DRL SYSTEM 

The DRL-Based adaptive controller design problem is how to interact with such a UAV environment while using a learning strategy. 

The process contains three main parts, including state observation (observation), reward feedback (emotion), and action selection. 

State observation is the status of a UAV in position, speed, posture, and whether it will collide with an obstacle. The proposed DRL 
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model for this state outputs an action that is the control inputs (thrust, roll, pitch, and yaw) to move with a specific trajectory of flight 

of the quadcopter. The reward function judges how good these actions end up being with respect to accurate path tracking, but 

incentives for smooth avoidance of obstacles, as well as energy-efficient routes. 

For the proposed system, this would be a diagram showing how DRL uses an adaptive control loop showing state observation, action 

generation, and reward function flow. Those are the fully actuated UAV dynamics, how it interacts with its environment, and a part of 

the feedback loop for learning. The list of Control Parameters is: 

• State: Position, velocity, orientation, and perception feedback (e.g., proximity to obstacles) 

• Action Space: Jesting-thrust, roll, pitch, and yaw control inputs. 

• Reward Components: 

o Minimize trajectory deflection (the path that is as close to the desired path). 

o Proximity to obstacles (penalty near obstacle). 

o Energy Efficiency (prize for an optimum route with minimal power consumption). 

The realization of this DRL system starts with the selection of a proper algorithm, proximal policy optimization, to address the huge 

state and action space in UAV control. Next, high-fidelity simulators, Gazebo and AirSim, are used to model realistic UAV dynamics 

but incorporate environmental complexities (e.g., variable terrains, dynamic obstacles, and changing weather conditions). 

The UAV is trained for stability in these different environments, ensuring accurate and smooth trajectory following as well as making 

sure it does not crash with even one million episodes. The purpose of the reward function is to guide the learning process with 

necessary signals toward energy-efficient flight routes for the quadcopter. The DRL-based adaptive control system is incorporated 

with a larger UAS flight control architecture. This adaptive control system interfaces with sensor data coming from the UAV by 

processing GPS, accelerometer, gyroscope, and camera inputs and adjusting accordingly. This subsystem is a part of the overall UAV 

system, along with navigation, communication, and mission planning modules. This makes the entire UAV architecture inherently 

robust, reliable, and, more importantly, capable of autonomous operations in challenging environments, whereas the adaptive 

controller ensures enhanced flight precision and reliability. 

 

IV. SIMULATION ENVIRONMENT 

The DRL model is trained using simulated environments for simulating real-world flight scenarios of UAV. To reflect different 

locations and local weather conditions like urban, forest, or mountainous areas with high environmental complexity, we used high-

fidelity Gazebo and AirSim simulators to make sure that the model has learned how to drive in all kinds of terrains on an intractable 

platform with various attributes such as time-changing ambient lighting and varying landscape changes. These facilities were set up to 

mimic real-world problems that UAVs go through. Specifically, we train the model with one million episodes to learn how many 

consecutive frames are visible for us. Each episode is optimized for UAV flight behaviors, including trajectory tracking, obstacle 

avoidance and energy efficiency. The PPO algorithm is originally used to handle the large state-action spaces inherent in abstract 

movement-related tasks, well-suited for UAV control.  

Throughout the episodes, the DRL model got incentives or punishments based on its activities, encouraging it to fly stable and 

smooth, without colliding with objects, and on an energy-efficient paths. The reward is a key enabler part of the training process in the 

developed DRL model, since it encourages behaviors like low trajectory deflection, collision-free paths, and optimum energy efficient 

route. The reward function is created to allow the UAV to explore all potential courses and learn how to fly optimal paths. 

Following the training phase, the DRL model underwent extensive testing in both simulation and real-world scenarios. The UAV was 

subjected to different operational scenarios, such as navigating urban environments with crosswinds and forests with dense obstacles. 

The DRL controller's performance was compared against traditional controllers like PID and MPC, and it consistently outperformed 

them in terms of trajectory accuracy, obstacle avoidance, and energy consumption. 

The training loss and validation curves is analyzed to further support their model training. These follow the accuracy of performance 

metrics during training and validation time, explicitly showing the improvements in the model over time. The training loss curve 

shows how the error slowly decreased as the model learned better controlling strategies, while with verification validation data, it 

validates how well our model generalized to unseen data. The reward convergence curve was pretty stable at approximately 750,000 

episodes proving the capability of training the DRL model towards complex control strategies used for high-order aerial navigation. 

The reward convergence curve depicted in Figure 1 illustrates how the model gradually learned to navigate and control better, with the 

reward values becoming stable over time. The yellow dot represents the specific target standing points, and the yellow line path 

represents the trajectory given for checking the model. 

The DRL Based controller is finally deployed in experimental scenarios on the quadcopter. The UAV holds the DRL model, sensory 

inputs, and calculates onboard, making it capable to perform real-time execution of the trained network. For this simulation, the flight 

tests are performed in regions very similar to what would expect when executing urban or mountainous and rough terrain operations. 

These data include GPS trajectories, sensor readings, and flight stability logs over hundreds of seconds according to the performance 

model flights (See Figure 1). The DRL-based adaptive control system is applied to a UAV, and the detailed explanation involves 

deriving the basic equations that define how the UAV behaves and how control input values are calculated. 
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Figure 1. Illustration of various environments and the flight path generated by the DRL controlling system apply. 

V. EXPERIMENTAL CONDITIONS 

These experiments were carried out in three environments: mountainous regions, dense forests, and urban areas. These challenges 

were essential to assess the deep reinforcement learning-based control system. The tests concentrated on critical aspects, including 

thrust needs, UAV dynamics, time constraints, flying conditions, and target attainment. The DRL model is repeatedly learning and 

adapting in each environment, changing its decisions for more effective UAV maneuvering in diverse and unexpected terrain. 

 

  A. Mountain Environment  

In this scenario, the quadcopter encountered variable wind speeds, varied ground formations, and rapid elevation changes. The DRL-

based adaptive controller had to account for rapid variations in wind gusts and air pressure, leading to more challenging steady 

tracking. The controller of the UAV is evaluated for its capacity to adjust thrust when climbing or diving, while retaining flight 

stability. Flying routes of the UAV is assessed to verify that the quadcopter maintained a collision-free path despite rapid altitude 

fluctuations. Its flying accuracy and navigation time throughout the terrain is also measured. 

  B. Forest Environment 

In this scenario, the quadcopter has to navigate through tree gaps in a dense forest environment. Therefore, the controller is required to 

avoid stationary or moving obstacles while flying to its final destination. Thus, the DRL model had to immediately change the UAV 

thrust to avoid colliding with trees and other moving or stationary conflicts. Due to the airflow is turbulent, UAV stability is essential 

at low altitudes. The required decision making of the developed model is to manage complex sharp and sudden flight maneuvers, 

including turn and altitude changes. The aim, however, is to maintain minimum deviation from the intended UAV path. Controller 

performance is measured here in terms of the optimum and safe flight path for the UAV to reach its final location.  

  C. Urban Environment 

In this scenario, due to the urban terrain, the quadcopter encounters varying wind and narrow alley conditions. The challenging factors 

in this situation are flight performance and reaching the intended target. The adaptive controller has to generate a safe path for the 

UAV, avoiding it from tall structures while coping with various wind patterns that may deviate the UAV from its flight course. The 

DRL model task is to optimize the UAV thrust to maneuver among these structures smoothly. The key performance parameter, in 

addition to safe navigation, is the time optimization for the quadcopter to reach its final destination rapidly and precisely in a 

congested and complex environment. 

To summarize, the key factors in all environments are: 

• Adjustment of air dynamics for each scenario, including airflow, wind patterns, and air pressure.  

• Adjustment of thrust turns, and altitude for energy efficient flight routes that are stable and collision-free. 

UAV 

Battery  Fan  

Sensor Camera 

Urban Environment Mountainous Environment Forest Environment 

Trajectories  
Control Station 
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• Maintaining optimal flight trajectories in complex and dynamic flight profiles with optimum path deviation in terms of 

altitude and turn changes. 

• Completing each course quickly while balancing speed and accuracy. 

• Enabling the UAVs to hit predefined targets reflects the effectiveness of the DRL controller. 

VI. CONTROL LAW GENERATION FOR THE DRL MODEL 

The UAV's dynamics can be described using a nonlinear differential equation: 

    ( )   ( )                 ( ) 

Where: 

   is the state vector including the UAV's position, velocity, orientation, and angular rates,   ,        - 

   is the control input vector (thrust, roll, pitch, and yaw),   ,       -  . 

  ( ) represents the `nonlinear dynamics of the UAV, including aerodynamic forces, gravity, and inertia. 

  ( ) is the control effectiveness matrix, mapping control inputs to state derivatives 

The state-space representation can be refined using six degrees of freedom (6DOF) equations, taking into account: 

         (  *      +    *    +   *     +)           ( ) 

    ( )         (           (  ))         ( ) 

Where: 

 p is the position vector; v is the velocity vector. 

 φ represents Euler angles (roll, pitch, yaw). 

 ω is the angular velocity vector. 

 Fthrust, Faero and Fgravity  are the thrust, aerodynamic, and gravitational forces. 

   is the UAV's inertia tensor, and           represents control torques. 

The control input   is optimized using a policy   (   ), where   represents the neural network parameters mapping the state   to 

the control actions  . The objective is to find the optimal control sequence    over a time horizon  : 

             [∑   

 

   

(     )]               ( ) 

Here: 

   denotes a policy that defines the actions of an object considered to maximize rewards. 

   denotes the expectation operator that determines the outcome of actions selected using the policy    

   (     ) is the reward function providing feedback based on trajectory accuracy, obstacle avoidance, and energy efficiency. 

   is the discount factor, balancing immediate versus future rewards. 

A more advanced reward function can be formulated to guide the DRL training: 

 (     )                 
    (  )    (  )    (  )            ( ) 

Where: 

          is the desired state trajectory. 

  (  ) penalizes proximity to obstacles. 

  (  ) represents the energy consumption. 

  (  ) adds a term for maintaining stability or smoothness. 

         are weight factors tuned for desired behavior. 

The PPO algorithm is used to optimize the policy by updating it based on a surrogate objective: 

 ( )    ,   (  ( )       (  ( )        )  )-           ( ) 
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Where: 

   ( )  
  (     )

     (     )
 is the probability ratio. 

    is the advantage function, measuring how much better the action    is compared to the expected action. 

   is a small constant preventing large policy updates. 

To incorporate energy efficiency, we calculate the energy consumed: 

 (  )    (  )               ( ) 
Where: 

  (  ) is the power consumed by the UAV during the time step   . 

The total energy consumption over a flight is: 

       ∑ 

 

   

(  )             ( ) 

Key performance metrics for evaluating the DRL-based control system include: 

 Trajectory Deviation: Calculated as the Euclidean distance between the UAV's actual position    and the desired position 

          
 Collision Rate: Percentage of time steps when the UAV violates collision boundaries. 

 Total Energy Consumption: The sum of energy used during the flight       . 
 

VII. RESULTS 

The use of this simulation is to examine if the developed DRL-based controller can improve flying performance for UAVs within 

challenging environments. Stationary and moving obstacles were created with various weather conditions. Learning performance 

metrics showed the performance metrics of the DRL based Q-Learner applied to the UAV control task during training and verification 

across 1,000,000 episodes. Main results indicate a stable decrease of the training loss from 0.85 at 100,000 episodes down to only 0.05 

at 1,000,000 episodes demonstrating better model optimization. The training reward goes up exponentially from 10 to 110, which 

points to how the system learns more effectively over time. The verification error, used to evaluate trajectory deviation, is reduced 

from 0.50 m to 0.08 m, which shows that the correctness of UAV has been effectively improved. Finally, the verification reward 

increases from 12 to 115, indicating it generalizes better on test data (See Table 1). In the final analysis, this study reinforces 

significant inroads made on both training and real-world performance. 

TABLE I.  TRAINING LOSS, REWARD, AND VERIFICATION ERROR METRICS. 

Episode 
Training 

Loss 

Training 

Reward 

Verification Error 

(Trajectory Deviation) 

Verification 

Reward 

100,000 0.85 10 0.50 m 12 

200,000 0.70 25 0.40 m 30 

300,000 0.60 35 0.35 m 42 

400,000 0.45 50 0.28 m 55 

500,000 0.30 65 0.22 m 70 

600,000 0.20 80 0.18 m 85 

700,000 0.15 90 0.15 m 95 

800,000 0.12 95 0.12 m 100 

900,000 0.10 100 0.10 m 105 

1,000,000 0.05 110 0.08 m 115 
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  A. Training and Convergence  

During the training phase of the DRL-based controller, the model is trained for 1 million episodes to optimize flight accuracy and fast 

obstacle avoidance. This reward function evaluated the learning optimization performance of the UAV over time. The trend of 

rewards suggests that the UAV is gradually learning better control strategies in all environments with increasing episodes. In Urban, 

where the obstacles take a more structured and predictable form, the reward values increase rapidly compared to an open field, 

reaching a peak at 200 after 700k episodes, demonstrating greater ease navigating complex yet well-defined spaces. The balance point 

at which the agent must begin balancing speed and safety is around 600,000 episodes. In contrast, the forest environment, which has 

moderate complexity due to denser, irregular obstacles like trees, sees rewards increasing steadily up to 750,000 episodes, with a 

possible peak of 180. Progress is much slower in the Mountain environment, where a maximum value of 170 is reached by 800,000 

episodes due to its unpredictable, rocky nature, making navigation more challenging. The decline in reward values beyond 750,000 

episodes across all environments could indicate overfitting or diminishing returns as the UAV continues training without encountering 

new challenges. Figure 2 presents the UAV performance using the developed control strategy working in three different environments. 

The differences in reward trends emphasize the importance of environmental variety in training UAVs, as different terrains demand 

different control strategies. The consistently high rewards in the urban environment suggest that the model learns structured obstacle 

avoidance more efficiently, while the Mountain environment highlights the difficulty of adapting to unpredictable terrain. Overall, the 

quadcopter with the proposed model is quite effective across settings but performs best in environments with structured challenges. 

 
Figure 2. UAV performance in three different environments: Mountain, Forest, and Urban. 

 

The average reward function revealed that the model learned to control better. Initially, rewards were very noisy, indicating that the 

model was trying different approaches to search through complex space and found out how a little change can make things harder. It 

seemed that forward in their training, the fluctuations waned, and stable reward values were achieved. The reward function itself 

stabilized at a higher value after 750,000 episodes with low fluctuations. Figure 3 depicts the reward convergence of the DRL model. 

This suggests that the DRL model has been able to learn nuanced control policies for high-order aerial navigation and obstacle 

interception. The model started reaching and maintaining a stable state with good reward values for every simulation episode, which is 

standard from DRL models as they are supposed to converge towards an optimal policy.  
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Figure 3. DRL Model Training and Reward values illustrating the model's convergence. 

 

 B. Simulation Metrics 

Trajectory accuracy, obstacle collisions, and energy efficiency were three major criteria used to measure the UAV performance when 

controlled by an adaptive controller based on DRL, contrasted with traditional controllers (PID controller-MPC). Results also showed 

that using a DRL-based control system, the trajectory error was significantly reduced, achieving a mean deviation from the nominal 

path of 0.15 meters compared to both PID and MPC design (PID: 0.45 meters and MPC: 0.28 meters). Fewer collisions indicate the 

ability to better adapt to moving obstacles with a DRL. As a result, DRL performed on average with 950 Joules per task execution 

around 1200 Joules for PID and just over 1050 Joules for MPC, as depicted in Table 2. The aim of this concept is to improve the 

efficiency of UAV power in operating on long-endurance missions. 

TABLE II.  SIMULATION PERFORMANCE METRICS. 

Metric DRL-Based Control System PID Control MPC Control 

Average Trajectory Deviation (m) 0.15 0.45 0.28 

Obstacle Collision Rate (%) 2.5% 12.7% 7.1% 

Average Energy Consumption (J) 950 1200 1050 

 

Upon completion of the first simulation, the DRL-based controller was evaluated on crosswind conditions in an urban environment, 

ground-layer territory covered with forest at several distinct measured wind strength configurations, as well as mountainous terrain 

with turbulent gusts. These different environments helped us stress test the robustness and accuracy of our DRL algorithm compared 

to common strategies like PID control MPC. 

 

  C. Urban Environment  

Due to the environment being assumed urban-like with tall buildings and tight corridors, the DRL-based control system was capable 

of working very fast and accurately. This was 0.20 meters less mean error deviation of the trajectory than PID and MPC. This 

significant decrease in error indicates that the DRL model is able to effectively capture harder trajectories. Likewise, the same DRL 

method experienced a mere 1.8% collision rate, far outperforming PID (10.5%) and MPC (5.3%). Accordingly, these results showed 

fewer collisions at higher speeds, denoting more efficient obstacle avoidance. The DRL system was able to navigate the urban 

scenario in as little as 180 seconds, faster than both PID (220 seconds) and MPC (200 seconds), as shown in Table 3. This character of 
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the DRL model makes it an improved method in terms of accuracy and operational efficiency, and it is available for use in real-time 

scenarios. 

TABLE III.  URBAN ENVIRONMENT PERFORMANCE. 

Metric DRL-Based Control System PID Control MPC Control 

Average Trajectory Deviation (m) 0.20 0.60 0.35 

Obstacle Collisions (%) 1.8% 10.5% 5.3% 

Time to Complete Course (s) 180 220 200 

 

   D. Forest Environment  

The DRL-based control system was also tested in a dense tree-covered forest instead of the open field testing usually conducted for 

UAVs when compared to PID or MPC-based traditional controls. The DRL epochs continued to do better overall in terms of trajectory 

offset, averaging a narrow margin over PID (0.12m) and MPC (0.30m). This demonstrates how the DRL model can handle its way in 

obstructed environments, which is key for avoiding collisions. The DRL-based system had a much lower collision rate (3.0%) 

compared to the PID (15.0%) and MPC (9.0%). The DRL model also outperformed PID, taking 260 seconds to finish, and MPC in 

240 seconds (See Table 4). A heatmap overlaid onto the forest map shows UAV hotspots where good precision and obstacle 

avoidance ability are displayed, further proving DRL model’s adaptability to actual work environments and efficiency (See Figure 4).  

TABLE IV.  FOREST ENVIRONMENT PERFORMANCE. 

Metric DRL-Based Control System PID Control MPC Control 

Average Trajectory Deviation (m) 0.12 0.55 0.30 

Obstacle Collisions (%) 3.0% 15.0% 9.0% 

Time to Complete Course (s) 210 260 240 

 

 
Figure 4. A heatmap overlaid on a forest map showing the UAV's trajectory with color gradients indicating precision and obstacle avoidance. 
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   E. Mountainous Region  

Results were consistent for testing performed across various terrains and altitudes in a mountain range environment. The DRL-based 

system outperformed existing conventional methods. The non-trajectory UAV had an average error of 0.18 meters from the mean 

trajectory, which was lower than PID (0.50 meters) and MPC (0.33 meters). This proves that the DRL model is aerodynamically stable 

at random elevations and wind masses. Results in the mountainous area show that the trajectory deviation distance of the proposed 

DRL-based method is much smaller than other approaches, with no collision avoidance guarantees and lower path efficiency, as 

shown in Table 4. This renders it an attractive, intelligent strategy for UAVs operating in cluttered environments without access to 

detailed topographic maps. 

TABLE V.  MOUNTAINOUS REGION PERFORMANCE. 

Metric DRL-Based Control System PID Control MPC Control 

Average Trajectory Deviation (m) 0.18 0.50 0.33 

Obstacle Collisions (%) 4.5% 20.0% 11.2% 

Time to Complete Course (s) 300 350 320 

VIII. DISCUSSION  

This work deals with a recurrent issue faced by any UAV that operates in an unpredictable and complex environment like forests, 

urban areas and mountains. Conventional control strategies, like PID and MPC, fail to address environmental uncertainties in such an 

unpredictable and complex environment. The aim of the paper was to propose an adaptive control strategy based on DRL model for 

the UAV and to compare its flight performance to other control strategies, PID and MPC, in unpredicted and dynamic environments. 

While PID and MPC may be appropriate in well-structured situations, they are unsuitable for managing the complexity and dynamics 

of UAV operations, where terrains, weather conditions, and conflicts are constantly changing. The proposed deep reinforcement 

learning approach is an upgraded kind of machine learning that can continuously adapt by itself. It uses a deep transfer learning 

technique to allow the model to learn and alter its control mechanism in real time, based on feedback from the environment settings. 

The DRL model was selected first for the adaptive control of the UAV. Then, the model was trained on a simulated complex 

environment with three different terrains, including forest, urban and mountains. One million episodes were handled in the training 

phase using high-fidelity simulators, AirSim and Gazebo. These simulators were used to mimic real-world dynamics and enabled the 

control system to adapt to sophisticated UAV and environmental dynamics. The performance measures of the proposed DRL-based 

control and conventional control techniques, PID and MPC, are based on three key metrics, which are the deviation in UAV flight 

trajectory, conflict resolution, and energy consumption. The DRL achieved a trajectory deviation measure of 0.15m compared to PID 

at 0.45m and MPC at 0.28m, meaning that DRL is more accurate. Regarding the obstacle measure, DRL recorded a 2.5% risk rate, 

while PID and MPC stood at 12.7% and 7.1% respectively. This highlights the system’s accuracy in obstacle prediction and 

avoidance. Finally, PID consumed energy worth 1200J, while the DRL consumed 950J, suggesting that the DRL system is efficient in 

energy consumption, which considering the friction and dynamics in the simulation model is a requisite feature in real-world systems. 

The DRL’s success and accuracy may be attributable to its unique adaptive capacity in high-resolution or state-space and action 

dynamics, which applies to UAV controls. Unlike conventional control, which rests on pre-defined rules, DRL masters optimal policy 

based on the environment and feedback. This capacity has made DRL outperform conventional PID and MPC control systems since 

the latter tends to adopt superb control parameters, which fail in dynamic but highly accurate UAV systems. The study’s findings are 

consistent with the current trajectory that favors DRL integration into autonomous system control. For instance, Bai et al. found that 

DRL and reinforcement learning are critical paradigms in enhancing UAV autonomy to enable them to operate in complex environs, a 

discovery that is consistent with the current result. The paper also strengthens its claims by testing a validated DRL in real-world 

conditions. The UAV was tested in urban, forest, and mountainous terrains, recording lower deviation and cutting-edge performance 

in obstacle collision. In the urban set, the system recorded an average trajectory deviation measure of 0.20m, while PID recorded 

0.60m and MPC at 0.53m. In the forest environment, the DRL obstacle collision rate was 3.0%, while PID and MPC stood at 15.0% 

and 9%, respectively. The outcome confirms the DRL model's accuracy and applicability in real-world conditions. Accordingly, the 

study offers significant pointers to the applicability of DRL to control UAVs in complex environments. 

The study’s significance does not lie in the control of DRL in a UAV but in additional knowledge of the DRL system applicability in 

control autonomy. This work demonstrates the significance of including adaptive control mechanisms in UAV systems to enable total 

autonomy. A proposal that can materialize through the details covered in this study can be copied to other autonomous system control 

issues such as self-driving vehicles and robot arms, requiring real-time decisions and precision. Additionally, from an environmental 

efficiency perspective, the DRL system cuts down on energy consumption, making it a possible definition for sustainable systems. It is 

rational that DRL is a much-enhanced control system compared to PID and MPC systems. The simulations and actual tests and 

performance indicate that DRL affords a real solution to the problem of making UAV systems accurate and efficient. However, in 

view of the significant reliance on simulations, it cannot be ignored that this study has various shortcomings that need to be addressed 

in future studies. However, taking the findings from supplementary materials and previous studies, it can be conclusively inferred that 

DRL is a workable solution to UAV problems since it combines efficiency with precision and safety through real-time measures. 
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Results show a significant performance comparison between the DRL method and standard control methods. This observation 

coincides with the overall shift in machine learning-based autonomy, where newer techniques have now yielded better performance 

than classical algorithms for complex problem-solving. 

 

IX. CONCLUSION 

This paper proposes the DRL-based adaptive control strategy for quadcopters, allowing for real-time adaptation to ensure reliable and 

efficient UAV flight operations. The proposed work shows that the efficacy of the proposed strategy significantly outperforms 

traditional control methods like PID and MPC. It demonstrates superior applicability in tough scenarios, such as forest, urban, and 

mountainous terrains, by ensuing a decreased trajectory dispersal rate, the least collision probability possible with optimal energy 

performance. These changes significantly improved the performance of DRL-based systems in dynamic, unpredictable environments 

according to analyses conducted in this study. They highlight the high promise of DRL being incorporated into UAV missions for 

many applications and improving their reliability in performing complex tasks. This research suggests that there will be considerable 

advancements in UAV technology with DRL and similar machine-learning-based approaches. 

Even though the results are encouraging, this study has several limitations. The environments were complex, though not representative 

of the range conditions UAVs might reasonably see in all real-world scenarios. Future work could investigate the use of other reward 

functions and the performance of the DRL model applied in realistic scenarios with more flexibility and changes, as well as more 

other kinds of drones, not just the quadcopter. Moreover, the diversity of DRL with other ML paradigms like supervised learning or 

evolutionary algorithms could increase the performance and capabilities of UAV control systems. 
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