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Abstract. As a powerful tool for modern agricultural protection, unmanned aerial vehicle (UAV)
has the advantages of good adaptability and high efficiency in spraying and other operations
compared with traditional manual operations The attitude and control of plant protection UAV
are greatly affected by external factors during operation. However, the traditional proportional-
integral-derivative (PID) controller commonly used at present cannot adapt to the complex
environment because of the fixed parametersTherefore, a more sensitive method is needed to
achieve adaptive balance of the aircraft attitude. In this paper, we establish the dynamic
mathematical model of quadrotor UAV, and the influence of air resistance and rotational torque
is considered in the process. Adopting the combined control method of Radial Basis Function
(RBF) neural network and PID, the dynamic tuning of system control parameters is achieved
through the self-learning of neural network and the feature of nonlinear mapping. The control
system not only has the advantages of simple PID control structure and clear physical meaning,
but also has the ability of neural network self-learning and adaptation. Matlab/Simulink was used
as the experimental platform to respectively simulate the RBF-PID control system and the
traditional PID control system. The simulation results show that the control system based on
RBF-PID algorithm has a shorter response time and stronger robustness, which enhances the
system’s self-adaptability.
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1. Introduction

According to incomplete statistics on agricultural production, the economic losses caused by diseases
and pests in the entire agricultural production can reach 20% to 30% of its profits. In addition, due to
the large area of farmland, scattered plots, and diverse crop varieties, different models of plant protection
equipment are needed to provide assistance for their operations under different production processes [1].
In this context, the application of plant protection unmanned aerial vehicle (UAV) in agricultural field
is increasingly common. Compared with traditional manual or mechanical, agricultural unmanned aerial
vehicle has the advantages of low cost, high efficiency, adaptability to different crop varieties and less
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damage to crops [2]. Therefore, agricultural unmanned aerial vehicle is playing an increasingly
important role in crop sowing, growth monitoring, and pesticide spraying [3].

Currently, plant protection drones are mainly operated remotely by professional personnel. Due to
significant differences in the level of operators, inconsistent crop heights, and complex terrain, there are
problems when operating plant protection drones, such as poor accuracy in height determination, waste
of medication, and instability. Therefore, achieving stable and reliable autonomous terrain following
flight of unmanned aerial vehicle is of great significance [4].

When the plant protection unmanned aerial vehicle operating, the external interference and the
drone's own parameter changes and other factors will affect the drone's attitude control, so the
adjustment of attitude position is the key link of drone flight. At present, the common control algorithms
of aircraft mainly include: single loop proportional-integral-derivative (PID) control [5], cascade PID
control [6], linear quadratic regulator (LQR) control [7], backstepping method [8], sliding mode control
(SMC) [9], fuzzy logic control (FLC) [10], neural network control [11-13] and other control methods
[14]. The traditional PID controller commonly used now has poor dynamic performance with fixed
parameters and weak anti-interference ability, which cannot be well adapted to the impact of system
parameter changes [15]. The RBF-PID control algorithm based on radial basis function and PID control
integrates neural network, adaptive learning, PID control technology, etc. It has advantages such as high
sensitivity, fast dynamic response, small overshoot, and strong robustness.

The rest of this paper is arranged as follows: The kinematics and dynamics mathematical model of
the quadrotor drone is studied and established in Section 2. Section 3 designs a flight control system
algorithm based on RBF-PID control technology and conducts simulation verification in Matlab
software. Finally, a summary and discussion were conducted on the simulation results and algorithm
effectiveness, and prospects were proposed for the research shortcomings.

2. Mathematical model of quadrotor UAV

The main structure of the four-rotor unmanned aerial vehicle is mainly based on the flight control board
as the center, to the four symmetrical directions of the flight control board to build four arms of the same
length, equal mass and in the shape of "X" or cross arms. At the end of each arm, a brushless DC motor
is installed and connected to the blades of the unmanned aerial vehicle. Its flight power lies in the fact
that the flight control board receives instructions to change the expected attitude of the aircraft, and then
controls the battery to supply power to the motor, which drives the blades to rotate at high speed to
generate upward lift.

2.1. Establishment and transformation of coordinate systems

In order to accurately describe the spatial attitude information of the quadrotor drone, establish a good
mathematical model, and facilitate the design of the flight control system, the reference coordinate
system is first defined: body coordinate system (0,X},YpZp,) and fixed geographic coordinate system
(0eXeYeZe). There are two main movements of the quadrotor unmanned aerial vehicle: translation and
rotation. In the process of translational motion, the unmanned aerial vehicle is analysed as a particle
model. When rotating, it is studied as a rigid body model.

According to Euler's theorem, the rotation of a rigid body around a fixed point in three-dimensional
coordinate space can be regarded as the combination of three finite rotations around that point. The
rotation order XYZ is defined, that is, the attitude vector of the quadrotor drone is rotated to the
geographical coordinate system by first rotating around the X-axis, then the Y-axis and finally the Z-
axis. The rotation matrix Rg can be calculated from Equation 2.1:

R5 = R,(¥) Ry(e) Ry () @

In the equation, the roll angle is ¢, the pitch angle is 8, and the yaw angleW is. The rotation matrix
R§ can be obtained as
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cosWcosf —sinWcosgp +cosWsinfsing sinWsing + cos'¥ sin b cos ¢
Rp =|[sinWcosf cosWcosp +sinWsinfsing —cosWsing +sinWsinb cos¢p 2
—sin@ cos O sin¢ cos 0 cos ¢

2.2. Establishment of mathematical model of quadrotor UAV

Figure 1 shows the structure of the simplified quadrotor unmanned aerial vehicle. Assuming that the
aircraft is a rigid body, and the centre of gravity is consistent with the centre, the mass and moment of
inertia are unchanged, the propellers 2 and 4 rotate clockwise, and the propellers 1 and 3 rotate counter
clockwise. It is defined that the length [ of the drone arm and the rotational speed Q4, Q,, Q5, Q, of the
four propellers. The angular velocity of the drone along the three axes in the body coordinate axis is
w = (wy, wy, w,)". Euler angular velocity in geographic coordinate system is ¢ = (¢, 6,3)" and the
speed is v = (vy, vy, v,)".

Figure 1. Simplified kinematics model of quadrotor UAV.

The angular velocity of the body can be represented by Euler's angular velocity through three-axis
rotation:

0 0
w = RX(CI)) Ry(e) 0 + Rx(q)) o[+ 0 (3)
U} 0 0

Therefore, we can get:
wy = —Wsind
wy=écos¢+‘i’cosesin¢ 4)
w, = —Bsind + W cos 0 cos
Considering the air resistance during translational motion and the influence of rolling, pitching, and
yaw torque on the model, the motion equation of the drone model can be written as follows according
to the Newton's law of motion and Euler equation.
{mV=Ff+Fd+Fg (5)
Jo+wXJo=M+rT
In the equation, F¢ is the translational air resistance; Fq is translational force; Fg is gravity; k is

translational air resistance coefficient; w is the angular velocity of the body; ] is the moment of inertia
of the body; M is the aerodynamic torque generated when the rotor rotates; t is the gyroscopic effect
torque during rotation.

Due to the assumption that the drone is a symmetric rigid body, there is no inertia product. Then the
inertia matrix is given:
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Ik, 0 0
j=1=|0 I, 0 (6)
0 0 I

According to the working principle of quadrotor UAV, the control input is defined as U, that is

U; =b(Q? + 03+ 03+ 03)
U, = b(Qf — 03)
U = b(Q.% - Q%)
U, =d(0Q3 + 02 — Q2 — Q%)
Where, b is the lift coefficient and d are the torque coefficient. U; controls the climbing motion of
unmanned aerial vehicle, controls the climbing motion, U, controls the rolling motion, U5 controls the
pitching motion, and U, controls the yawing motion [16].

The aerodynamic moment M, of quadrotor unmanned aerial vehicle in roll motion (moving around
the x-axis) can be expressed as

(7)

My = 1(F4 - Fz) = b(Qi - Q%) = U, (8)

At this point, propeller 1 is analysed and its spiral effect torque is t4; = wy X ]-Q;. The same can
be said for other propellers, then the gyroscopic effect torque of the four propellers in rolling motion is:
T =Jr wy(Ql +Q3 -0 — Q) ©)

The torque applied to pitch motion and yaw motion can be deduced similarly, with the exception of
yaw aerodynamic moment M,, is:

M, =d(Q%+02-02-0%) =U, (10)

Combined with the above formula, the mathematical model of dynamics and kinematics of quadrotor
drone can be obtained:

% — U, (cos ¥ sin 0 cos ¢+sin W sin ¢p)—kx

m
.. _ Uq(sin¥sin® cos ¢+cos ¥ sin p)—ky
y= m
5 — U;(cos B cos dp)—kz _
- m

9 6. = (100U 0)(Q1405-05-04) (11)
=

Ix
_ (I~ Ix) Wy wx+Uzl+]F wx(Qy+0,—Q1—Q3)

y Iy
. (Ix—Ty)wxoy+Ug4l
L W, = ————"—

Iz

3. Combining a PID controller with an RBF neural network

At present, most of the drone control algorithms are classical PID control, which has simple principles
and mature technology. However, unmanned aerial vehicle is a typical multi - input - output, strong
nonlinear, strong coupling system. Classical PID has certain limitations in some cases. For example,
when realizing the flipping of the drone’s body, it is a little bit hard for the classic PID controller to
make it. Therefore, this chapter explores the application of RBF-PID control algorithm in drone attitude
control from the perspective of improving the control effect and improving the adaptability of PID
control parameters.
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3.1. Proportional-integral-derivative (P1D) controller structure

PID control is currently the most extensively used control algorithm. It performs corresponding
proportional, integral, and differential operations based on the error between the currently accurate
output of the controlled system and the target output to achieve the goal of improving the control effect
of the controlled system. The core idea of PID control is to perform proportional, integral, and
differential operations on the error between the currently accurate output and the expected output at each
sampling time of the system, and then adjust the next control output of the controlled system based on
the results of the operations. Thus, the actual output can gradually approach the target output.

Proportional

Yin error Yout
integral ® Plant

derivative

Figure 2. PID controller structure.

The structure diagram of the PID controller formed based on the PID control algorithm is shown in
Figure 2. The PID controller has a simple structure and belongs to a closed-loop control method that
continuously adjusts the input based on the real-time output feedback of the controlled object. When
there is an error between the actual output of the system and the target output, the PID controller will
correct the error of the controlled object through a combination of proportional, integral, and differential
control algorithms according to norms or standards, maintaining the output in a stable state [17].

Discrete system PID control is divided into two types: positional and incremental, and incremental
control is used for motors. Its control algorithm is

Au(k) = Kyle(k) —e(k — D] + K; e(k) + Kg[e(k) — 2e(k — 1) + e(k — 2)] (12)

T

Ki = KpT_l (13)
Tq

Kd = Kp ? (14)

In the equation, K, is the proportional coefficient, the integral coefficient is K;, and K is the
differential coefficient. T is the continuous signal sampling period and e(k) is the control deviation.

3.2. Radial basis function (RBF) neural network

Radial basis function neural networks are generally divided into three layers. The input layer is the first
layer, composed of input signals; The hidden layer is the second, whose activation function is a radial
basis function, often using Gaussian basis function, which is a locally distributed nonnegative nonlinear
function with central radially symmetric decay; The third layer is the output layer.
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Figure 3. RBF neural network structure.

According to the structure analysis of 3.2. Radial basis function neural network (as shown in Figure
3), the basic idea of radial basis function neural network is: in the hidden layer, the basis function is
used as the activation function of neurons, and the input is mapped from the input layer to the hidden
layer. The output layer is the weighted sum of the output of the hidden layer. In general, the input and
output of the network are mapped nonlinearly, while the network is linear for tunable parameters. Such
a network has a faster learning rate than a basic network and does not create local minimum problems.
[18].

3.3. RBF-PID control algorithm principle

To achieve good control results in PID control, it is necessary to find appropriate proportional, integral,
and differential coefficients according to the characteristics of the controlled object, so that the
coefficients cooperate with each other. But the process of finding the optimal parameters often takes a
lot of time. The fit between coefficients is not a simple linear relationship. The radial basis function
neural network has the ability to represent any nonlinear relationship and does not have local
optimization problems. Therefore, machine learning can be used to adjust the parameters of the PID
controller to seek the best coefficient combination and achieve the best control effect [18].

The controller mainly consists of two parts (as shown in Figure 4). The incremental PID controller
performs closed-loop control on the controlled object, and its proportional, integral, and differential
coefficients are adjusted through a neural network. The radial basis function neural network identifies
the Jacobian information of the system and outputs the increment of proportional, integral, and
differential coefficients. In this way, self-tuning of coefficients is achieved.

Yin error u Yout
PID Plant
+

AK, |AK; |AKg4

€m _

RBF neural network

+ 1 Ym \

Figure 4. RBF-PID controller structure.
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3.4. Parameters adjustment of RBF neural networks
In radial basis function neural networks, the input variable x = [x,x,, ...x,,]T; The hidden layer
activation function is Gauss function h;.

2
h; = exp (—%) G=12..m) (15)
The knot vector of Gauss function b; = [by, by, ..b,]T. The center vector of the jth node in the

network ¢; = [cjl,cjz,...cﬁ,...cjn]T(i= 1,2,..n) . The weight vector of the network is W =

(Wi, wy, ..wpy]T.
The output of the radial basis function neural network is:

(k) = 3 wihiGi = 1,2,...m) (16)
i=1

In the calculation process of radial basis function neural network, Jacobian information identification
formula of the controlled object is very important, its performance index function is:

J =5 oue (k) =y (k]2 (17)

During the network training process, gradient descent algorithm is used to update the parameters of
node center, node width, and weight. The specific iteration calculation is as follows:

Aw;(K) = n[yout(K) — ym(K)]h (18)

w;(K) = wj(k — Dhj + Aw; (k) + B[w;k — 1) — Aw;(k — 2)] (19)
Ay 0) = n[Yout () = Ym0, 551 (20)

bj(k) = bj(k — 1) + Ab;(k) + B[b;j(k — 1) — bj(k — 2)] (21)
80500 = nlYout () = ym (O]w; =" (22)

Gi(K) = ¢k — 1) + Ac;i(K) + B[cjik — 1) — ¢k — 2)] (23)

In the equation, g is the momentum factor (8 > 0), and n is the learning rate (n > 0).
The sensitivity of the controlled object's output to the control input is the system's Jacobian
information. The specific calculation method is:

YVout(k) _ 0ym(k) _ vm g Cjitx
anut) "~ aauto — 2i=tWill b7 (24)

In actual systems, x; = Au(k).

3.5. Parameters adjustment of PID controller
Adopting an incremental PID controller, the control error is:

error(k) = yin (k) — Your (k) (25)
The tuning index of radial basis function neural network are:
E(k) = error(k)? (26)

Gradient descent method is adopted in the adjustment of K, K;, Ky:

xc(1) = error(k) — error(k — 1) (27)
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xc(2) = error(k) (28)

xc(3) = error(k) — 2error(k — 1) + error(k — 2) (29)
AK, = _n;TEp =-7 Z—i%% = nerror(k)g—zxc(l) (30)
AK; = —n g—li = -7 g—ig—i:—; = nerror (k) z—ixc(Z) (31)
AK, = _n:_:d =— g—iZ—i;—IZ = nerror(k) Z—Zxc(S) (32)

In the equation, Z—z represents the Jacobian information of the controlled object, which can be
obtained through identification of the neural network.

4. Simulation of RBF-PID control algorithm
Now the RBF-PID controller is designed for a nonlinear object. First, its discretization mathematical
model is assumed to be:

-0.3y(k—1)+u(k—1)
y(k) = 2L (33)

In order to comprehensively analyse the dynamic adjustment ability of incremental PID and RBF-
PID control algorithms, the objective functions were selected as sine wave and square wave, and sine
wave and square wave tracking simulations were conducted separately. The simulation time is 10
seconds, and the sampling interval is 0.001 seconds. The input sine wave signal and square wave signal
have amplitudes of 1 and a period of 4 seconds.

Simulation results of RBF-PID control algorithm were shown in the Figure 5. The sine wave tracking
results indicate that the incremental PID has overshoot and static error. During the tracking process, the
response is slow, and the average error is large. The RBF-PID controller has significant errors in the
initial stage. However, after a short period of time (about 0.7 second), the parameters are automatically
adjusted, and the error significantly decreases. The overshoot of the system is less than 15% and the
entire tracking process is also smoother. Therefore, it can be said that the control effect of RBF-PID
algorithm has significantly improved compared to incremental PID.
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Figure 5. Simulation results.

The square wave tracking results indicate that the response speed of incremental PID is significantly
slower than that of RBF-PID. The RBF-PID controller has faster response speed. Moreover, it can be
clearly seen that with the growth of time and the continuous iteration of parameters, the response speed
of RBF-PID is still improving.

In summary, RBF-PID controller has smaller overshoot and shorter adjustment time than PID
controller in attitude control and can achieve the target state more quickly. When the system input
changes, the neural network PID control can self-learning to find the appropriate PID parameters and
can recover to the specified trajectory more rapidly after encountering disturbances in the flight of
guadrotor unmanned aerial vehicle.

5. Discussion
Since the plant protection unmanned aerial vehicle is loaded with medicine box, its own parameters are
constantly changing in the process of operation, and it is more susceptible to external interference. The
proposed RBF-PID controller not only overcomes the shortcoming of traditional PID controller with
fixed parameters, but also ensures accurate direction of parameter correction and stable process. The
momentum factor is introduced into the gradient descent method to ensure that the correction results are
carried out along the direction of parameter convergence. At the same time, when the weight is corrected
too fast, the updating of the weight has a certain inertia, which can overcome the nonlinear system
instability caused by the excessive learning rate. Of course, since the object of the research system is a
simple low-order system in the simulation, and the influence of external disturbance is not taken into
account, so the superiority of RBF-PID controller cannot be fully reflected.

Compare the relevant studies of other researchers in this field. Yu W et al. [19] proposed a fuzzy
adaptive stable PID controller. Although their simulation verification is more complete, the response
speed is still insufficient. The RBF-PID control proposed in this paper not only has a fast response speed
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and can be gradually improved due to its characteristics of self-learning, but also requires a larger
amount of calculation.

6. Conclusion

This study utilized the self-learning ability of radial basis function (RBF) neural networks to optimize
and adjust the key parameters of incremental PID controllers, in order to achieve online adaptive
adjustment of PID parameters. The problems of poor real-time performance and low control accuracy
in conventional PID control methods are solved. A comparative analysis of sine wave and square wave
tracking was conducted on the incremental PID and RBF-PID controllers on the Matlab simulation
platform. The software simulation results show that the RBF-PID controller has fast response speed,
small error, and follows closely when the target value changes. The controller can rapidly reach steady
state, has good fast response ability and stability, and can improve the anti-disturbance ability and
adaptive ability of quadrotor. The control effect of RBF-PID algorithm is significantly better than that
of traditional incremental PID. The efficient controller scheme for Quadrotor Plant Protection
Unmanned Aerial Vehicle is successfully achieved.

In the research process, there are still several aspects that can be further studied and improved. In the
process of dynamic modeling of quadrotor drone, this paper ignored the influence of the change of
characteristic parameters caused by the change of plant protection drone's own parameters and obtained
an approximate linear model. Therefore, the modeling is not rigorous enough, and further study is
needed to establish an accurate model. In addition, only simulation verification has been conducted on
the RBF-PID algorithm, proving its superiority. In the future, we will further apply it to the drone model
for further application research.
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