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Abstract. This paper presents a novel Unmanned Aerial Vehicle (UAV) 
path planning framework that integrates the UCB1-Tuned multi-armed 
bandit algorithm with precise numerical integration techniques (Runge-
Kutta 4th order) to address navigation challenges in stochastic wind 
environments with obstacles. The proposed method discretizes the joint 
action space of wind direction and acceleration to enable efficient 
exploration and exploitation for adaptive control under uncertainty. The use 
of UCB1-Tuned balances reward means and variance to select optimal 
control actions without requiring Bayesian sampling, enhancing 
computational efficiency and stability. High-fidelity trajectory generation is 
ensured through accurate numerical integration respecting UAV dynamic 
constraints. Extensive simulations demonstrate that the UCB1-Tuned, 
combined with Runge-Kutta integration, achieves a success rate over 99% 
and reduces average energy consumption significantly compared to random 
baselines and Euler integration variants. The approach effectively learns 
favorable control policies by dynamically adapting to wind and obstacle 
conditions, ensuring safety and energy efficiency. This work offers a 
scalable decision-making framework that combines principled learning with 
model-based trajectory prediction, providing a promising direction for real-
time autonomous UAV navigation in complex and uncertain environments. 

1 Introduction 
UAVs have become critical tools for diverse applications such as surveillance, delivery, and 
emergency response, demanding autonomous navigation capabilities in complex and 
uncertain environments. UAV path planning faces two core challenges: unpredictable 
environmental dynamics, including wind disturbances and moving obstacles, and stringent 
onboard computational limits requiring highly efficient and reliable decision-making 
algorithms.  

Traditional path planning methods like Rapidly-exploring Random Trees (RRT*) and 
Model Predictive Control (MPC) provide theoretical guarantees but often incur high 
computational costs, causing delayed replanning unsuitable for real-time UAV operations. 
These methods typically involve iterative optimization that can require hundreds of 
milliseconds or more, exceeding the responsiveness needed for rapidly evolving scenarios. 
Conversely, purely learning-based approaches, particularly deep reinforcement learning, 
offer faster inference times but frequently suffer from lacking explicit physical or dynamic 
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constraints enforcement. This deficiency leads to trajectories that may violate UAV 
kinematics or dynamics, threatening flight safety and limiting practical deployment. 

To address the critical trade-off between computational efficiency and physical feasibility, 
this paper proposes a novel framework that integrates the UCB1-Tuned multi-armed bandit 
learning algorithm with reliable numerical integration methods, specifically the Runge-Kutta 
4th Order (RK4) and Euler schemes. This dual strategy enables efficient exploration and 
exploitation of a discretized action space composed of wind directions and acceleration levels, 
quickly adapting to stochastic environmental conditions while ensuring trajectory feasibility 
through precise dynamical simulations. 

This experimental result demonstrates the superiority of this combined approach. The 
UCB1-Tuned + RK4 method achieves an impressive success rate exceeding 99% while 
maintaining low average energy consumption (~9.3%), substantially outperforming a naive 
random policy that achieves only a 6% success rate with significantly higher energy demands 
(~36%). When compared with Euler integration, RK4 integration displays clear advantages: 
it produces more energy-efficient trajectories and offers enhanced stability and accuracy in 
simulating UAV dynamics, which directly translates to improved control performance and 
mission reliability. These findings underscore the practical value of adopting higher-order 
numerical integration techniques in autonomous UAV control tasks. 

Additionally, the distribution of arm selections across trials confirms that UCB1-Tuned 
efficiently identifies and exploits more beneficial control actions, demonstrating robust 
learning capabilities in uncertain and dynamic environments. This empirical evidence 
supports the potential of bandit-based methods as powerful tools for online UAV path 
planning and control. 

In summary, this work presents a computationally efficient and physically grounded UAV 
navigation framework that successfully balances safety, performance, and real-time 
adaptability. By blending principled bandit learning with model-based trajectory prediction, 
the approach not only advances state-of-the-art UAV control methodologies but also provides 
a scalable foundation for handling increasingly complex autonomous flight scenarios. 

2 Related Work 

2.1 Traditional Navigation Methods  

Traditional navigation methods play a critical role in robotics, especially in stable 
environments. Among these methods, potential fields have gained significant attention for 
their simplicity and effectiveness in obstacle avoidance and goal-oriented navigation. Khatib 
introduced the potential field method in 1986, guiding robots toward desired targets by 
leveraging attractive and repulsive forces, effectively navigating obstacles in various 
scenarios [1]. Visual odometry (VO) algorithms, as demonstrated by Davison, allow robots 
to estimate their position and orientation by tracking changes in sequentially captured images. 
This technique has become essential in dynamic environments where Global Positioning 
System (GPS) signals might be unreliable or unavailable. 

As the demand for UAVs to operate in wind-affected environments increases, physics-
based motion primitives have emerged as a notable area of research. For instance, Wang et 
al. provided an overview of various wind effects on UAVs, stressing the necessity for robust 
navigation strategies that account for such uncertainties in real-world applications [2]. These 
studies emphasize the ongoing need for enhancing autonomous navigation capabilities for 
UAVs in complex environments. 
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2.2 Bandit Learning in Robotics  

Bandit learning has rapidly evolved in the robotics field, particularly in applications 
involving non-stationary environments. The non-stationary Multi-Armed Bandit (MAB) 
framework allows robots to adapt their exploration strategies while navigating dynamic 
reward landscapes. Mohamed et al. demonstrated the effectiveness of MAB for gateway 
selection in dynamic networks, emphasizing the importance of adapting to changing 
conditions to optimize resource allocation [3]. Similarly, Lin et al. explored the application 
of MAB in UAV-assisted emergency communication systems, highlighting how these 
strategies can improve communication reliability during critical situations [4]. 

Contextual bandits further extend the applicability of MAB by incorporating 
environmental features into the decision-making process. Amrallah et al. applied dual 
energy-aware bandits for UAV trajectory optimization in post-disaster settings, illustrating 
the model's effectiveness in responding to environmental changes and allowing UAVs to 
autonomously adjust their paths based on real-time evaluations of the environment's reward 
structure [5]. 

2.3 Hybrid Approaches  

Hybrid approaches that combine classical control methods with modern learning techniques 
are gaining traction in the robotics domain. These methods leverage the strengths of 
reinforcement learning (RL) and traditional control strategies to achieve superior results in 
complex tasks. Wang and Hong discussed the opportunities and challenges associated with 
applying reinforcement learning to building controls, asserting that integrating 
Reinforcement Learning (RL) with MPC could lead to more adaptive and efficient energy 
management systems [6]. 

To illustrate further, Arroyo et al. presented a learning approach using Reinforcement 
Learning Model Predictive Control (RL-MPC) for building energy management, 
demonstrating how combining learning and control can enhance performance in managing 
energy-efficient operations [7]. Hewing et al. also highlighted insights on safe learning in 
control systems, emphasizing the critical need for safety in reinforcement learning 
applications, particularly when utilized in dynamic environments [8]. Schwenzer et al. 
provided an engineering perspective on model predictive control, which can complement RL 
techniques to optimize control strategies efficiently in managing building energy and other 
complex systems [9]. 

2.4 Open Challenges  

Despite significant advancements in navigation and learning methodologies, several open 
challenges remain. A prominent issue is how to bridge discrete decision-making processes 
with continuous control, particularly in high-dimensional spaces. Addressing this issue 
requires further research into developing advanced algorithms capable of operating under 
uncertainty and augmenting existing models with sophisticated perception and prediction 
capabilities. 

Environmental uncertainties represent significant challenges for UAV operations, as they 
can greatly impact decision-making processes. Studies on wind field estimation are 
particularly relevant here. Larrabee et al. explored wind field estimation in UAV formation 
flight and highlighted the complexities involved in managing multiple UAVs under varying 
environmental conditions [10]. Additionally, Xiang et al. focused on wind field estimation 
through autonomous quadcopter avionics, providing insights into how UAVs can 
autonomously adjust their flight strategies based on real-time wind data [11]. Addressing 
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these challenges is critical for advancing the reliability and effectiveness of UAVs in 
increasingly complex environments. 

3 Methodology 
Fig. 1 illustrates a real-world UAV obstacle avoidance situation, it shows a Vision mini-
helicopter flying close to a power line to demonstrate its potential inspection capability [12]. 

 
Fig. 1 An UAV demonstrates its potential inspection capability [12] 

To achieve the practical problem mentioned above. The Fig. 2 illustrates the UAV flight 
simulation process using a Multi-Armed Bandit approach. It begins with environment setup 
and initialization of the UCB1-Tuned algorithm. The UAV flight simulation then iteratively 
selects actions, updates its state, and checks constraints like collision and energy. Rewards 
are updated accordingly. Once the UAV reaches its target, the simulation ends, followed by 
calculating the overall success rate and energy consumption, ensuring optimization of flight 
performance. 

 
Fig. 2 Flowchart of the experiment (Picture credit: Original) 

3.1 Experimental Setup 

The experimental setup is designed to evaluate and compare the performance of different 
UAV flight control strategies under stochastic wind conditions and obstacle-rich 
environments. The key components of the setup include: 
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Simulation Environment: A three-dimensional space that includes randomly positioned 
spherical obstacles generated by sampling coordinates from a UAV flight log dataset and 
assigning each obstacle a random radius and altitude. Each simulation run contains 10 
obstacles. 

UAV Dynamics: The UAV motion is governed by a 6-dimensional state vector (position 
and velocity in 3D), updated at discrete time steps using either the RK4 or Euler integration 
method. External wind effects are modeled as directionally discretized vectors with speed 
uniformly sampled between 5 and 25 m/s. 

Action Space: The control action space consists of a set of "arms" formed by 
combinations of discretized wind directions (8 directions) and acceleration magnitudes (3 
levels: 0.3, 0.6, 1.0 m/s²), yielding a total of 24 arms. 

Bandit Algorithms: The UAV controller selects control actions using a multi-armed 
bandit approach. The UCB1-Tuned algorithm is used to balance exploration and exploitation 
by maintaining per-arm reward statistics and adapting confidence bounds based on empirical 
variance. 

Metrics: Each experimental condition runs 800 UAV flights. Metrics evaluated include 
success rate (percentage of flights reaching the goal within a tolerance) and average energy 
consumption, which accounts for velocity and acceleration-related costs. 

Comparisons: This paper compares UCB1-Tuned + RK4, Random action selection + RK4, 
and UCB1-Tuned + Euler integration methods to assess the influence of exploration strategy 
and numerical integration precision on control performance. 

3.2 Two-Tier Architecture 

3.2.1 Strategic Layer (Bandit) 

The MAB problem considers N = 8 * 3=24 arms (combining 8 discrete wind directions with 
3 acceleration levels), each with an unknown reward distribution. The goal is to maximize 
cumulative rewards by balancing exploration and exploitation through repeated arm 
selections. 

Unlike Thompson Sampling, which is a Bayesian approach maintaining posterior Beta 
distributions for each arm, the experiment uses the UCB1-Tuned algorithm. This method 
estimates the mean reward and variance of each arm, and constructs an upper confidence 
bound for each arm to guide the selection in a deterministic manner. 

UCB1-Tuned Algorithm Overview: For each arm 𝑘𝑘, maintain: 
 nk: the number of times arm k has been selected. 
 μ̂k: empirical mean reward of arm k. 
 sk2: empirical variance estimate of arm k. 

At each decision step 𝑡𝑡, select arm: 

𝑘𝑘∗ = 𝑎𝑎𝑎𝑎𝑎𝑎𝑚𝑚𝑚𝑚𝑚𝑚
𝑘𝑘

(𝜇̂𝜇𝑘𝑘 + 𝑐𝑐 ∗ √𝑙𝑙𝑙𝑙𝑙𝑙𝑛𝑛𝑘𝑘
𝑚𝑚𝑚𝑚𝑚𝑚 (1

4 , 𝑠𝑠𝑘𝑘2 + √2𝑙𝑙𝑙𝑙𝑙𝑙
𝑛𝑛𝑘𝑘

))                   (1)  

where: 
 𝑘𝑘∗: selected arm at time step t. 
 𝑡𝑡: current total number of arm pulls (time step). 
 𝑛𝑛𝑘𝑘: number of times arm k has been selected so far. 
 μ̂𝑘𝑘: empirical mean reward of arm k, representing the average observed reward. 
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 𝑠𝑠𝑘𝑘2: empirical variance of rewards of arm kk, representing reward variability. 
 𝑐𝑐 >  0: exploration parameter that balances exploration and exploitation. 
 𝑙𝑙𝑙𝑙 𝑡𝑡: natural logarithm of time step t, increasing exploration over time. 

 𝑚𝑚𝑚𝑚𝑚𝑚 (14 , 𝑠𝑠𝑘𝑘2 + √2𝑙𝑙𝑙𝑙𝑙𝑙
𝑛𝑛𝑘𝑘
): a variance upper bound to stabilize the confidence bound. 

Reward Function Design: The reward 𝑟𝑟𝑘𝑘 depends on the expected travel time 𝑇𝑇𝑘𝑘 and risk 
penalty 𝑅𝑅𝑘𝑘: 

𝑟𝑟𝑘𝑘 = 𝑒𝑒𝑒𝑒𝑒𝑒(−λ𝑇𝑇𝑇𝑇𝑘𝑘 + λ𝑅𝑅𝑅𝑅𝑘𝑘) (2) 

where: 
 𝑟𝑟𝑘𝑘: reward for arm k, continuous and used as feedback. 
 𝑇𝑇𝑘𝑘: expected travel time associated with arm k. 
 𝑅𝑅𝑘𝑘: risk penalty associated with arm k. 
 λ𝑇𝑇, λ𝑅𝑅 > 0: weighting parameters controlling the influence of travel time and risk 

penalty, respectively. 
The reward is continuous and used directly as feedback to update empirical means and 

variances for each arm in UCB1-Tuned. 
Initialization and Update: 
Step1: Initialize all arms with zero counts and zero mean and variance estimates. 
Step2: At each iteration, select arm 𝑘𝑘∗ according to the UCB1-Tuned formula.  
Step3: Observe reward 𝑟𝑟𝑡𝑡.  
Step4: Increment 𝑛𝑛𝑘𝑘∗ , update μ̂𝑘𝑘∗  and 𝑠𝑠𝑘𝑘∗2  incrementally using observed rewards. 
This approach avoids sampling from distributions and relies on confidence bounds 

calculated from observed statistics to guide arm selection. 

3.2.2 Tactical Layer (Numerical) 

 UAV Dynamics Model (with Wind): State vector: 𝑃𝑃 = (𝑥𝑥 , 𝑦𝑦 , 𝑧𝑧) is position and 
𝑉𝑉 = (𝑣𝑣𝑥𝑥, 𝑣𝑣𝑦𝑦, 𝑣𝑣𝑧𝑧) is velocity. The combined dynamics can be represented by the ODE: 

𝑑𝑑𝑑𝑑
𝑑𝑑𝑑𝑑 = 𝑓𝑓(𝑋𝑋, 𝑢𝑢) (3) 

where the state vector is 𝑋𝑋 = (𝑃𝑃, 𝑉𝑉). The function f captures the dynamics defined by: 

𝑑𝑑𝑑𝑑
𝑑𝑑𝑑𝑑 = 𝑣𝑣 + 𝑤𝑤(𝑡𝑡) (4) 

𝑑𝑑𝑑𝑑
𝑑𝑑𝑑𝑑 = 𝑎𝑎(𝑢𝑢, 𝑥𝑥) − 𝑑𝑑(𝑣𝑣) (5) 

where 𝑤𝑤(𝑡𝑡) is the wind velocity vector. 𝑎𝑎(𝑢𝑢, 𝑥𝑥) is the control acceleration depending on 
control input u and position 𝑥𝑥. 𝑑𝑑(𝑣𝑣) is the drag or damping forces acting on velocity 𝑉𝑉. 

 RK4 Integration: For ODE: 
𝑑𝑑𝑑𝑑
𝑑𝑑𝑑𝑑 = 𝑓𝑓(𝑡𝑡, 𝑥𝑥) (6) 

Time step ℎ update from 𝑡𝑡 to 𝑡𝑡 + ℎ via: 
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{
 
 

 
 

 

𝑘𝑘1 = 𝑓𝑓(𝑡𝑡, 𝑥𝑥𝑡𝑡)

𝑘𝑘2 = 𝑓𝑓 (𝑡𝑡 + ℎ
2 , 𝑥𝑥𝑡𝑡 + ℎ

2 𝑘𝑘1)

𝑘𝑘3 = 𝑓𝑓 (𝑡𝑡 + ℎ
2 , 𝑥𝑥𝑡𝑡 + ℎ

2 𝑘𝑘2)
𝑘𝑘4 = 𝑓𝑓(𝑡𝑡 + ℎ, 𝑥𝑥𝑡𝑡 + ℎ𝑘𝑘3)

(7) 

The state is updated as: 

𝑋𝑋𝑡𝑡+ℎ = 𝑋𝑋𝑡𝑡 + ℎ
6 (𝑘𝑘1 + 2𝑘𝑘2 + 2𝑘𝑘3 + 𝑘𝑘4) (8) 

RK4 updates 𝑥𝑥 considering current dynamics with wind and control. 
 Wind-Adaptive Control: Wind vector 𝑤𝑤(𝑡𝑡)  varies with time and space from 

turbulence models. Control input adapts in real time: 
𝑢𝑢(𝑡𝑡) = π(𝑥𝑥(𝑡𝑡), 𝑤𝑤(𝑡𝑡)) (9) 

where 𝜋𝜋 is the control policy compensating wind disturbances for a stable trajectory. 
 Trajectory Propagation Workflow: First, Initialize 𝑥𝑥0 at the start position. Then, 

Loop over simulation time steps with size ℎ . At each step: Obtain current wind 𝑤𝑤(𝑡𝑡) , 
calculate control 𝑢𝑢(𝑡𝑡) based on current state and wind, apply RK4 to find 𝑥𝑥(𝑡𝑡 + ℎ), check 
constraints. Repeat until the mission is complete or the termination condition is met. 

3.3 Optimization Constraints 

To ensure the safety and operational integrity during UAV missions, a minimum obstacle 
clearance of 2 meters is mandated. This clearance is crucial for avoiding collisions with 
dynamic objects, such as moving vehicles and pedestrians, as well as static obstacles like 
buildings and trees. Maintaining this safety buffer not only protects the UAV but also 
minimizes risks to individuals and property below. The system should continuously monitor 
the distance to obstacles in real-time using onboard sensors, and adjustments to the UAV's 
flight path should be made whenever the clearance falls below the required threshold. 

Effective energy management is essential for UAV operations, especially for lengthy 
missions requiring sustained flight. A requirement of maintaining at least 20% energy reserve 
is enforced to ensure mission completion safely and effectively. This reserve allows the UAV 
to have enough power available for emergency maneuvers, unexpected diversions, or 
additional tasks that may arise during the operation. The UAV's onboard systems should be 
equipped with algorithms to predict energy consumption based on current flight conditions, 
including altitude, speed, and payload, allowing for optimal route planning within the energy 
reserve constraints. 

For coordinated operations involving multiple UAVs, synchronization of the mission 
clock is paramount. All UAVs must maintain synchronized timing to execute tasks 
effectively, such as formation flying, coordinated payload delivery, or simultaneous data 
collection. This synchronization reduces the risk of timing discrepancies that could lead to 
collisions or inefficient operation. A centralized timekeeping system or an agreed-upon time 
source is recommended to calibrate each UAV’s internal clock upon mission initiation. 
Regular synchronization checks should be performed throughout the mission to ensure all 
UAVs remain aligned in timing. 
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3.4 Evaluation Metrics and Quantitative Formulas 

3.4.1 Success Rate 

Defined as the proportion of UAVs that successfully complete the mission within the target 
tolerance without violating constraints: 

𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 = 𝑁𝑁𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠
𝑁𝑁𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡

(10) 

𝑁𝑁𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 is the number of UAVs that reached the goal within tolerance and respected all 
constraints. 𝑁𝑁𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 is the total number of UAV simulations. 

3.4.2 Average Energy Used 

For each successful mission, energy consumption is calculated as the fraction of consumed 
energy from a full initial energy of a UAV: 

𝐸̅𝐸𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢 = 1
𝑁𝑁𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠

∑ (1 − 𝐸𝐸𝑖𝑖
𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙)

𝑁𝑁𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠

𝑖𝑖=1
(11) 

𝐸𝐸𝑖𝑖
𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙  is the remaining energy of the 𝑖𝑖𝑡𝑡ℎ  UAV at mission completion. Lower values 

indicate more energy-efficient missions. 

3.4.3 Stepwise Reward 

At each step t, a reward is assigned depending on progress toward the goal and constraint 
satisfaction. If all constraints are satisfied:  

𝑟𝑟𝑡𝑡 = 1 − 𝑑𝑑𝑡𝑡
𝑑𝑑𝑚𝑚𝑚𝑚𝑚𝑚

(12) 

𝑑𝑑𝑡𝑡 =  ||𝑝𝑝𝑡𝑡 − 𝑝𝑝𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔|| (13) 

𝑑𝑑𝑡𝑡  is the Euclidean distance between the current position 𝑝𝑝𝑡𝑡  and the goal position 𝑝𝑝𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔 . 
𝑑𝑑𝑚𝑚𝑚𝑚𝑚𝑚  is the initial distance between the start and goal. The cumulative reward reflects 
trajectory efficiency and safety. If constraints violated: 𝑟𝑟𝑡𝑡 = 0. 

3.4.4 Obstacle Clearance Constraint 

The minimum distance between UAV and any obstacle must satisfy: min
t

min
o∈O

||pt − o|| ≥
ro + dsafe  . 𝑝𝑝𝑡𝑡  is the UAV position at time 𝑡𝑡 , 𝑜𝑜  is the obstacle center position, 𝑟𝑟𝑜𝑜  is the 
obstacle radius,𝑑𝑑𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 = 2.0𝑚𝑚 is the minimum clearance distance, violation leads to zero 
reward and invalid trajectory in simulation. 

3.4.5 Energy Reserve Constraint 

Remaining energy at any time must satisfy: Et
left ≥ Ereserve = 0.2. If energy drops below 

this threshold, the simulation terminates early, marking failure. 
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4     Experimental Design and Results 
This paper conducted a series of batch simulations comparing three different UAV control 
methods, each running 800 flights in a simulated obstacle environment. The following 
subsections describe the experimental design for each method, along with their quantitative 
results. 

4.1 UCB1-Tuned with RK4 Integration  

4.1.1 Experimental Setup 

This method employs the UCB1-Tuned multi-armed bandit algorithm for intelligent action 
selection combined with the precise RK4 numerical integrator to simulate UAV dynamics. 
The 24-arm action space covers 8 discrete wind directions and 3 acceleration levels. 

4.1.2 Results: 

First, the experiment achieved a remarkably high success rate of 99.38%. Besides that, it 
maintained efficient energy usage with an average consumption of 9.28%, as shown in Fig. 
3. Fig. 3 compares the average energy consumption of three UAV control methods. The 
UCB1-Tuned algorithm, combined with the RK4 integrator and Euler method, both 
demonstrate significantly lower energy usage compared to the Random method with RK4. 
Notably, UCB1-Tuned with RK4 achieves the lowest energy consumption, indicating its 
efficiency in optimizing UAV flight dynamics. This suggests that leveraging intelligent 
action selection with precise numerical integration can greatly reduce energy costs, 
improving the sustainability and effectiveness of UAV operations. 
 

 
Fig. 3 Comparison of energy consumption among three methods (Picture credit: Original) 

Furthermore, it demonstrated steady reward accumulation over steps, as shown in Fig. 4. 
This confirms the effectiveness of combining the UCB1-Tuned bandit algorithm with high-
order integration for safe and energy-efficient flight control. 
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Fig. 4 The relationship between steps and cumulative reward (Picture credit: Original) 

4.2 Random Action Selection with RK4 Integration  

4.2.1 Experimental Setup 

This baseline method uses random action selection within the same 24-arm action space 
combined with the RK4 integrator for state updates. It serves to highlight the benefit of 
intelligent action selection over naive sampling. 

4.2.2 Results 

First, it performed poorly with only a 6.00% success rate, 
and it consumed substantially more energy, averaging 35.74% energy usage (also in Fig. 

3). Also, it exhibited erratic cumulative reward growth, reflecting ineffective navigation. 
The results emphasize the necessity of intelligent adaptive strategies for UAV operation 

under uncertain and dynamic conditions. 

4.3 UCB1-Tuned with Euler Integration  

4.3.1 Experimental Setup 

This method tests the UCB1-Tuned bandit algorithm combined with the simpler Euler 
forward integration method for UAV dynamics. 

4.3.2 Results 

First, it achieved a success rate of 99.00%, a little bit lower compared to the RK4 variant. 
Apart from that, it used slightly higher average energy at 9.56% (also in Fig. 3). It also 
indicates that although Euler integration is less precise, it still supports effective control when 
combined with UCB1-Tuned. In total, it shows that RK4 provides marginal improvements in 
accuracy and energy efficiency. 

4.4 Summary of Quantitative Results 

Table 1 shows that the UCB1-Tuned + RK4 method achieved a remarkably high success rate 
(99.38%) with very efficient energy consumption (9.28% on average), demonstrating the 
effectiveness of the UCB1-Tuned bandit algorithm combined with the precise RK4 integrator. 

10

ITM Web of Conferences 78, 03028 (2025)	 https://doi.org/10.1051/itmconf/20257803028
CSEIT 2025



Table 1 Key quantitative results 

Method Success Rate Average Energy 
Used 

UCB1-Tuned + RK4 99.38% 9.28% 

Random + RK4 6.00% 35.74% 
UCB1-Tuned + Euler 99.00% 9.56% 

In contrast, the random policy performed poorly, with only a 6% success rate and 
substantially higher energy usage, highlighting the importance of intelligent action selection 
in UAV flight control under uncertainty. 

The UCB1-Tuned, combined with the Euler integrator, also performed well, with a 99% 
success rate and slightly higher energy usage than RK4, indicating that the simpler integration 
method is effective, but RK4 provides marginal improvements in accuracy and efficiency. 

The bandit arm selection counts show a strong preference for particular arms, indicating 
that UCB1-Tuned reliably identifies more rewarding wind direction and acceleration 
combinations. 

5 Conclusion 
This work demonstrates the effectiveness of using the UCB1-Tuned algorithm combined 
with accurate numerical integration (RK4) for controlling UAV flight under uncertain wind 
conditions and obstacle-rich environments. Compared to a random selection baseline, the 
UCB1-Tuned + RK4 approach achieves a significantly higher success rate (99.38%) with 
substantially lower average energy consumption (9.28%). The results also show that while 
the simpler Euler integration method paired with UCB1-Tuned is effective (99% success 
rate), RK4 integration yields slight improvements in energy efficiency and stability. 

The adaptive nature of the UCB1-Tuned algorithm allows the controller to efficiently 
explore and exploit the discrete joint action space of wind directions and accelerations, 
rapidly focusing on favourable combinations. This approach is robust, scalable, and can be 
extended to other model-based control problems involving stochastic dynamics and safety 
constraints. Future research can extend this framework in several directions: 

Firstly, incorporating continuous action spaces and leaning on function approximation 
methods (such as contextual bandits or reinforcement learning) for more complex and larger 
state-action domains. 

Secondly, integrating more realistic UAV dynamics models with additional degrees of 
freedom and considering varying payload or battery models. 

Thirdly, studying non-stationary environments with time-varying wind distributions and 
dynamic obstacles, possibly by using discounted or sliding-window variants of the bandit 
algorithm. 

Apart from that, it can also combining UCB-based action selection with onboard sensing 
and real-time adaptation to enhance robustness in real flight scenarios. 

Finally, exploring multi-agent cooperation where multiple UAVs coordinate flight paths 
using decentralized bandit approaches. 
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