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Abstract. Unmanned aerial vehicles (UAVs) are now being utilized in a wide range of work scenarios 
to replace humans in performing dangerous tasks and jobs. In the context of high-altitude power grid 
inspections, UAV inspections have significant advantages. However, the complex environment often 
poses challenges for controlling UAVs. Building upon traditional PID control, this paper uses 
MATLAB software to construct the dynamic model and controller of a quadcopter UAV. A cascaded 
loop is established by selecting the control objects for the inner and outer loops. The stabilization of 
the UAV is achieved by setting the PID parameters for the inner and outer loops. Additionally, the 
deep reinforcement learning algorithm is employed to fine-tune the PID parameters based on the 
Zigler-Nicholes method. The adjustment is performed by considering the reward function values for 
the UAV under different disturbances. Finally, response curves and dynamic response parameter 
indicators are obtained. Compared to traditional cascaded PID control, the quadcopter UAV system 
tuned using this method exhibits significant improvements in both dynamic response parameters 
and steady-state responses. 
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1. Introduction 

In the work of grid inspection, the use of drones can greatly reduce the workload of inspection 

workers [1], increase safety factors, and reduce the operating and maintenance costs of high-voltage 

transmission lines. 

Although unmanned aerial vehicles (UAVs) do not require the presence of flight crew for control 

and are often utilized to perform specific tasks in dangerous, harsh, or unsuitable environments [2], 

ensuring their stability and resistance to interference proves challenging for reliable inspections of 

power lines in high-altitude complex environments. First, there is a severe change in wind speed in 

high altitudes, which constitutes strong external interference for drones performing inspection work. 

This may result in unclear images captured during the inspection process, making it difficult to 

accurately identify and troubleshoot faults on power lines. Second, there is the issue of heat 

dissipation in the drive system electronic devices. Due to the low air pressure and low air density in 

high-altitude environments, the airflow for cooling is reduced, thereby lowering the efficiency of 

convective cooling. Additionally, the high solar radiation in high-altitude environments can have 

adverse effects on the temperature of electronic devices, making it difficult to ensure the stable 

operation of the electronic devices on the drone [3]. 

To address this problem, current research directions both domestically and internationally mainly 

focus on firstly, improving the mechanical structure of drones by optimizing the frame structure to 

enhance the structural stress and load capacity [4, 5]; secondly, using advanced integrated sensors for 

digital signal processing. Wang Yong, Zhang Ying, and others have achieved improved fault 

detection rates by using a fusion of visible light, thermal infrared, and laser radar sensors for image 

fusion [6]; thirdly, control methods mainly involve fuzzy control and PID control methods for stable 

control and regulation of drones [7]. However, facing the highly unstable weather changes in high-

altitude environments, traditional control methods applied to drones make takeoff, landing, and 
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maneuvering in complex terrains difficult, and significantly reduce the fault detection rate during the 

inspection of power lines. 

To better control drones in high-altitude environments using the above methods, this paper first 

uses MATLAB software to build the physical model of drone motion control, including the 

construction of the PWM speed control system model, noise simulation, the rotation dynamics 

equation of the drone itself, and the coordinate transformation motion equation of the drone. Then, 

the interference introduced by high-altitude environments mainly includes the interference of severe 

wind speed changes, large temperature differences, and low humidity on the operation of brushless 

DC motors. Since the inspection drone should maintain a relatively stable posture during the 

inspection task, the performance requirements for countering strong interference are high. Therefore, 

based on the currently mature PID control, cascaded PID control is used, with the secondary-loop 

PID control object being the output current of the brushless motor, and the primary-loop PID control 

object being the attitude of the drone. This improves the response speed and operating frequency of 

the system, greatly enhancing the stability of the inspection drone when identifying faults through 

photography. Meanwhile, during the entire motion process of inspecting the entire line, reinforcement 

learning algorithms are used to establish a model of maximum reward value in the environment, 

enabling the entire inspection task to be carried out along the optimal path. 

Finally, it is found through comparison that using deep learning methods [8] combined with 

cascaded PID control and reinforcement learning can make the inspection drone for power line 

inspection in high-altitude and complex environments highly responsive to strong interference and 

achieve a stable and effective performance. 

2. Method 

2.1. Dynamics Modeling based on Quadcopter UAV 

Describing the state of a static UAV at a certain moment in time usually requires six physical 

quantities, which are the x-axis coordinates, y-axis coordinates, and z-axis coordinates describing the 

location of the UAV in the Earth's coordinate system, as well as three physical quantities used to 

describe the UAV's attitude at a certain position, which are the roll angle roll, the pitch angle pitch, 

and the yaw angle yaw. 

Based on the relationship between displacement and velocity and Newton's second law, the 

following formula can be derived. 

                                          (1) 

                                           (2) 

                                          (3) 

                          (4) 

                          (5) 

                                 (6) 

Using the angle and angular velocity relationship and the moment force arm relationship one can 

obtain the relevant angular dynamics equations of the quadrotor UAV as follows: 

                             (7) 

                                   (8) 

                                  (9) 



Highlights in Science, Engineering and Technology AMCCE 2023 

Volume 76 (2023)  

 

81 

                                  (10) 

                                   (11) 

                                   (12) 

Based on the above 12 equations, we can use MATLAB functions to construct a dynamic model 

of the drone's angles, angular velocities, accelerations, and displacements in Simulink. The modeling 

process is carried out in MATLAB, and the resulting model is shown in the Figure 1. 

 

Figure 1. A MATLAB-based drone dynamics model 

The parameters used in this paper refer to the data in the article of Liu Haohao and Zhang Suxia 

of Tianjin University. The data in the research article on tandem PID control of quadcopter UAVs 

are given as follows UAV's mass m, gravity acceleration g, and other physical quantities reference 

data as follows table 1, the following data are substituted into the model built in the previous step, 

and the model is further improvement. 

Table 1. Physical parameters required to build the model 
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2.2. Design of a String-level PID Controller 

In a quadcopter unmanned aerial vehicle (UAV) system, there are often multiple disturbances 

present. In the application scenario considered in this paper, due to factors such as the operating 

environment and cost constraints, it is often impossible to measure all the disturbances. Therefore, if 

feedforward control is used, it cannot eliminate the influence of all disturbances on the controlled 

process. Cascaded control can effectively solve the aforementioned problem. 

Meanwhile, looking at the commercially available consumer drones, PID control has already 

become a mature and widely used control method. Therefore, in this paper, a cascaded PID control 

method is used to address the stability control function of a high-altitude power grid inspection UAV. 

By utilizing the characteristics and advantages of the cascaded control system, the main 

disturbance, namely the external noise signal, is placed in the inner loop. The inner loop controller 

suppresses this disturbance, while the components with smaller time constants are placed within the 

inner loop. This results in faster and smaller suppression of the disturbance. Considering that the main 

objective of the model is to observe the displacement of the UAV in the three spatial coordinate axes, 

the controlled object in the outer loop is set as three independent displacement deviations, and both 

the inner and outer loops are subjected to PID control. 
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When using the cascaded control method to control the power grid inspection UAV, the structure 

is as shown in the diagram below. Firstly, under all open-loop conditions, the inner loop is designed. 

The input deviation of the PWM signal is chosen as the input of the inner loop, and the torque of the 

rotor serves as the output of the inner loop. This is because external noise exists in the process of 

PWM input [8]. In the simulation, random signals following the Gaussian distribution have been used 

to simulate this, as shown in the signal diagram below. Through PID control in this stage, this paper 

effectively reduces the interference of the noise signal on the output torque. Additionally, the internal 

PID control can respond promptly to disturbances, reducing the time required for response 

adjustments due to errors throughout the control process. The effect after performing PI control on 

the inner loop is shown in the graph below (see Figure 2). It can be observed that the noise in the 

input signal, after being subjected to PID control in the inner loop, is significantly reduced. 

 

Figure 2. Cascade PID control structure diagram 

The utilization of the inner loop for regulating the PWM input is mainly because the severe 

temperature changes in high-altitude environments can affect the power of electronic devices in the 

motor speed control system. Therefore, stabilizing the PWM output is crucial. By intervening in this 

disturbance within the inner loop, the response speed can be greatly improved. 

In the outer loop, PID control is applied to the displacement to ensure that the UAV's position in 

the world coordinate system is conducive to the inspection of faults on power lines by the onboard 

camera. 

When simulating the noise signal, the random number module function in Simulink is used. The 

variance of the noise signal is set to 1, and the simulated signal obtained is as shown in the Figure 3. 

 

Figure 3. Simulating noise with random signals following a Gaussian distribution 

When processing the PWM input signal, PI control is used to adjust the output of the actuator [9]. 

The superposition of the step signal and the noise signal is shown in the upper graph of Figure 3. 

After PID processing, the noise signal is greatly reduced, and the signal fluctuates around the original 

step input. Since the motor signals of the four rotors adopt the same control method with the same 
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parameters, this work will use one of them as an example to construct a PI controller as shown in the 

Figure 4. 

 

Figure 4. Inner loop PID parameter tuning 

When processing the PWM input signal, PI control is used to adjust the output of the actuator. The 

superposition of the step signal and the noise signal is shown in the upper graph of Figure 4. After 

PID processing, the noise signal is greatly reduced, and the actual signal fluctuates around the original 

step input. The specific effect is shown in the Figure 5. 

 

Figure 5. Comparison of input and output after inner loop PID control 

After designing the inner loop, the outer loop design is carried out based on it. In this case, since 

the final output is the displacement on the x-axis, y-axis, and z-axis in a three-dimensional coordinate 

system, the input for the outer loop is chosen as the displacement error, and the output is the 

displacement. For the outer loop, PD control is selected as shown in the Figure 6. 

 

Figure 6. Outer Loop PID Parameter Tuning 

After setting up the cascaded control with the inner and outer loops, and determining the PID 

parameters of the inner and outer loops using the Ziegler-Nichols method, the final output obtained 

when given specified displacement inputs along the three coordinate axes is shown in the Figure 7. 
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Figure 7. From left to right, the response curves of x, y, and z-axis displacements under serial PID 

control are shown 

From the three input-output diagrams above, it can be seen that cascaded PID control can achieve 

steady-state response for grid inspection drones in high-altitude and complex environments. However, 

due to the setting of PID parameters and the complexity of the environment, the dynamic response of 

the final displacement is poor. Offline settings like these still cannot meet the real-time changes and 

responses required for inspection drones in complex and unpredictable environments. To achieve this 

goal, this study utilizes reinforcement learning to modify and adjust the PID parameters. 

2.3. Tuning PID parameters using reinforcement learning 

The ultimate task of the drone is to complete grid inspection tasks in a nonlinear and highly 

disturbed environment. To further control the drone by obtaining maximum rewards from the 

environment, reinforcement learning is employed [10]. Moreover, due to limited sensors on the 

inspection drone and limited external information available, the deep reinforcement learning 

algorithm DQN is adopted for implementation. By using multi-layer neural network connection layers, 

the lack of perception information from the external environment can be compensated, thereby 

improving the control strategy for the drone. In the figure below, the input to the neural network is 

the data detected by the position sensor in the environment as State, which is calculated by the 

feedback control loop to derive the desired input i.e., the difference between the Agent State and the 

three actual positions s in the x, y, and z axes are denoted as ∆x, ∆y, and ∆z, respectively. The 

environmental reward value w under this PID parameter is calculated by Q learning [11], after which 

another parameter modification to get a new reward until the maximum reward value is obtained. 

Figure 8 showed the deep reinforcement learning network architecture diagram. 

 

Figure 8. Deep reinforcement learning network architecture diagram 

First, let's define the architecture of the neural network, which is mainly divided into the input 

layer, intermediate network layer, and output layer. The input layer primarily consists of a one-

dimensional state vector space, composed of sensor information and the relative distance between the 

drone and the next target position. Since inspection drones are typically equipped with cameras, the 

relative position between the drone and the inspection target can be calculated through image 

processing and binocular recognition technologies. The drone's attitude can be determined using an 

inertial measurement unit sensor. 

The construction of the intermediate network layer mainly relies on the Rectified Linear Unit 

(ReLU) function, which is chosen as the activation function for the hidden layer. This enables 

maximum value operations. Unlike the limitations of the Sigmoid and Tanh activation functions, the 

ReLU function does not suffer from gradient saturation problems. The output layer includes the 
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displacement deviations in the x, y, and z axes as part of the input, with a linear activation function 

chosen for the output layer. The reward function is computed to obtain the corresponding reward 

value, and ultimately, the input parameters are adjusted to achieve maximum rewards. The neural 

network adopts gradient descent to converge the weight values. 

The reward function, also known as the incentive function, evaluates the actions taken by the 

mobile robot to guide it in choosing the most advantageous action at the moment. To enable the 

mobile robot to understand the effectiveness of each action in various environments and timely 

receive feedback from the environment, it is necessary to assign a certain reward value to each action 

when designing the reward function. This value reflects the quality of the mobile robot's action in that 

environment. Based on this, a nonlinear piecewise function reward is used in this study, consisting of 

target reward, fault penalty, and continuous reward. 

The process steps are as follows: 

1) Obtain the current coordinates (x, y, z) of the drone by acquiring its pose information. 

2) Calculate the differences between the desired displacement and the actual output displacement 

for each axis (x, y, z). 

Therefore, the overall reward function (reward) is as follows: 

𝑅(𝑡) = ∑ 𝑒𝑠
2𝑡

𝑠=0                                       (13) 

This method first utilizes the traditional Zigler-Nicholes method to set a baseline for the PID 

parameters. The corresponding PID parameters are denoted as Kp, Ki, and Kd. The PID controller 

established based on this baseline is capable of better tolerating disturbances and uncertainties 

inherent in the original model, as well as strong disturbances that may occasionally occur. 

Based on this, reinforcement learning is applied to the originally established cascaded PID drone 

control model. The operation steps and process can be seen in the Figure 9. 

 

Figure 9. Deep reinforcement learning algorithm workflow 

3. Results 

While maintaining consistent external disturbance conditions, new outer loop PID parameters are 

obtained through reinforcement learning, as shown in the following table: 
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Table 2. Outer loop PID parameters corrected by reinforcement learning 

 P I D 

x 8 0.1 1 

y 8 0.1 1 

z 4 1 1 

The final input-output response curve is shown in the Figure 10. 

 

Figure 10. Displacement response curves of x, y and z axes after adjusting the PID parameters by 

reinforcement learning (from left to right) 

It can be observed that the overshoot in the displacement response curves on each coordinate is 

significantly reduced, and the adjustment time is greatly shortened compared to direct cascaded PID 

control. This method also addresses the issue of traditional PID controllers being unable to handle 

disturbances in complex high-altitude environments. By utilizing deep reinforcement learning neural 

networks, it becomes possible to dynamically adjust and apply the PID controller parameters in real 

time. This allows inspection drones for power grid inspections to perform their tasks more effectively 

in environments with multiple disturbances and strong interferences. 

4. Conclusion 

This study builds a dynamic model of a quadcopter unmanned aerial vehicle (UAV) and utilizes a 

cascaded PID control method to control the UAV for power grid inspection in high-altitude and 

complex environments. To achieve stable performance and respond to multiple and strong 

disturbances, a deep reinforcement learning algorithm is employed to regulate the PID parameters of 

the outer loop in the cascaded control. It is deep reinforcement learning algorithm that include typing 

in the transformation of the performance and is responsible to the multiple and strong disturbances. 

The results show that this summary of the overshoot and adjustment performance indicators are 

significantly improved in the actual response. This approach can be applied to real-time control of 

working UAVs and products with high stability requirements. In addition, this study focuses on the 

main interference caused by the noise in the quadcopter UAV's power control system. As the 

disturbances in quadcopters are similar, it is necessary to address issues such as reasonable path 

planning to improve the UAV's performance in power grid inspection tasks. The study came on that, 

which will be a serious discipline of the system, and it is addressing that a practical definition for 

example for many of the UAV's performance in the power control system. 
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