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The traditional quaternion is used as the description parameter of the nonlinear state model of the aircraft, and

the accuracy of the attitude estimation is presented. A square root cubature Kalman filter algorithm based on

quaternion is proposed. The algorithm takes the attitude quaternion error and the gyro drift error as the state

quantity, and measures the attitude quaternion of SINS/SLAM navigation. The square root cubature Kalman

filter algorithm is used for pose estimation, which not only solves the standardization problem of traditional

quaternion, but also reduces the state dimension and complexity of the square root UKF algorithm of traditional

quaternion, and improves the numerical stability.
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1. Introduction

In view of the serious liquid leakage and inaccurate op-
eration of traditional spraying equipment in the process
of application, the self-propelled spray bar spray machine
can achieve accurate application in the field environment,
but it is difficult for some plant protection machinery such
as hills, paddy fields and mountains to enter the complex
environment. As the intelligent assistant of China’s "pre-
cision agriculture" - UAV, it plays a key role in the success
of the "precision agriculture aviation protection”, and the
realization of an all-round, full coverage, no repeated ap-
plication of precision medicine mission, depends on the
UAV’s aviation flight path planning and navigation posi-
tioning [1-3]. In terms of agricultural precision application
[4, 5], the use of aerial UAV [6, 7] has greatly promoted the
development of mechanized crop management. Among
them, navigation technology is a core technology for ser-
vice UAV, plant protection UAV and guidance UAV, and is

the key to realize the intelligence and autonomy of UAV.
At the same time, the development of navigation technol-
ogy also promotes the rapid development of aerial plant
protection UAV to a large extent, providing scientific basis
and operational efficiency for the popularization of aerial
precision operation of UAV.

In order to achieve efficient and accurate work of plant
protection UAV, first of all, it depends on whether the UAV
position can be accurately perceived, that is, whether the
positioning accuracy of UAV navigation can ensure the
production efficiency and operation accuracy of intelligent
agriculture. The UAV carries a series of sensors to complete
the accurate judgment of the operation path, the accurate
identification of the operation ridge line [8], and the judg-
ment of the crop growth status, and then carries out the
next step of high-precision navigation aviation spraying,
spraying management and other steps. With the develop-
ment of automatic navigation technology of plant protec-
tion UAV [9], the requirements for its positioning accuracy
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and stability are getting higher and higher.

The fusion of velocity information and position infor-
mation, position information and attitude information, or
velocity information and attitude information through sen-
sors can obtain positioning with higher accuracy than a
single sensor [10].

In view of the development status and future develop-
ment trend of UAV navigation technology in recent years,
it is found that visual navigation [11] is a research hotspot
and trend of UAV because of its high level of intelligence
and rich information through comparison of various nav-
igation methods; In combination with the development
field and characteristics of plant protection UAYV, research
on visual navigation in the mode of GPS, simultaneous
localization and mapping, SLAM [12] and other auxiliary
navigation to accurately locate the carrier and obtain ac-
curate position information, and then obtain the optimal
solution of UAV position estimation through data fusion
technology [13, 14], so as to achieve real-time positioning
and assist in completing the path planning of UAV, The
position of UAV is observed and estimated to improve the
navigation accuracy. The main algorithms for UAV nav-
igation attitude estimation are EKF, UKF, CDKF, SRUKF,
Bayes inference, SRCKEF, etc. But their disadvantages are as
follows :

1. Extended Kalman filter (EKF) [15] ignores Taylor’s
higher order part and introduces truncation error.

2. Unscented Kalman Filtering (UKF) algorithm [16] es-
timates the system state quantity and covariance by
weighting based on the U transformation. However,
due to the complexity of matrix decomposition and
its inversion, it is difficult to guarantee the positive
definite covariance.

3. Central Difference Kalman filter belongs to a subopti-
mal Gaussian filter. This algorithm uses polynomial
interpolation method to calculate multi-dimensional
integral. In form, the sampling point weight and the
prediction covariance expression are different from
UKEF algorithm. Theoretically, CDKF and UKF algo-
rithm [17, 18] have the same or slightly higher preci-
sion.

4. The standard CKF algorithm [19], due to the large
amount of computation in the recursive process, leads
to the numerical instability. The literature proposed
the strong tracking filter (STF) volume Kalman filter al-
gorithm, which introduced the fading factor to achieve
the online adjustment of the gain matrix, thus main-
taining the high tracking and positioning capability

Fig. 1. Environment

when the system dimension changes, but also increas-
ing the computational complexity, which makes it dif-
ficult to ensure the numerical calculation and filtering
accuracy.

To solve the above problems, this paper continues to
use the square root filter. By recursively updating in the
square root form of the covariance matrix, it can not only
reduce the computational complexity, but also ensure the
symmetry and semi positive determination of the covari-
ance matrix, improve the accuracy and stability of the filter.
This algorithm is sufficient to meet the navigation and po-
sitioning accuracy of the plant protection UAV.

When the UAV is used to spray pesticides, the overall
mass of the UAV will change with time, that is, variable
load flight. At this time, it needs to use a more advanced
control algorithm to control its flight attitude for simulation.
SRCKF-SLAM algorithm is use.

Flight Dynamics of Plant Protection UAV: Motor voltage
and torque equations for UAV.

{ Uy :iRa-l-Lu%—kkgw )
]mﬂ‘szf = M — Mioad

Where, u, is the Voltage of motor. i is the current of
motor. R, is the equivalent resistance, L, is the inductance,
w is the angular velocity of the rotor, k, is the back electro-
motive force coefficient, [, is the rotational inertia of the
rotor, My, is the torque of the rotor, and Mj,,q is the load
torque of the UAV during flight.

The motor used for UAVs is relatively small, so the
inductance is also relatively small and can be ignored. Sim-

plify Eq. (1):

. u—kew
= 2
=t @
Rewrite the motor dynamics equation as:
dw  kpu  kekpw
Jm === - Micad 3)

dt ~ R, R,
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In the formula, when the high-order infinitesimal quan-
tity is ignored, My, = kii.Mjpaq and w are intrinsically
related, and the initial value is expanded by Tayloz, so

Wy = —Aw+ Bu+C 4)
Where, A , B, and C are constants, ignoring constant C
yields, so
w(s) B
w2 5
u(s) s+A ©)

Select a three-phase brushless DC motor. When the
line is connected and the receiver receives control signals
from the remote control, the motor will adjust its speed
according to different commands to achieve the expected
flight attitude of the UAV [20-22].

2. Materials and methods

This section may be divided by subheadings. It should
provide a concise and precise description of the experimen-
tal results, their interpretation, as well as the experimental
conclusions that can be drawn.
SLAM algorithm status parameter:
x=[x xm ] T

Py Py (6)
Py Prum

Where, x, is the carrier state quantity; x,, is the charac-
teristic state quantity of environmental road sign; Py, is the
carrier covariance matrix; Py, is the correlation covariance
matrix between the carrier and the feature map; Py, is the
characteristic covariance matrix.

The SLAM problem is described as a posterior probabil-
ity density model as:

p (x| ug,zi) = p (2k | Xo s Xm) X

/P (o | Xor—1,18) P (o1, %m | Ug—1,2k-1) dxXpx1
@)
Where, 1y, is the control input; p (x,x | X, k1, Ux) is the
motion model; p (zg | Xk, Xm) is the measurement model.

SLAM general nonlinear motion model is:

X = f (Xe—1) + Wea

®)
2z = h (%) + v

Where, f (x¢_1) and h (x) are system nonlinear func-

tions and observation functions respectively; Represen-

tation of w; ~ N(0, Q) system noise and v ~ N(0,R)

observation noise; xj represents the carrier state at time k.

Cubature rules:

I(f) = [pu f(x) exp (—xTx) dx
I(f) = iy w,f (i) )
Gi=+vn{l},i=12---,2n
w;=1/2n,i=1,2,---,2n
Where, 1 is the dimension of state quantity, and the
total number of volume points is 2n.¢; is the coordinate
of mutually orthogonal volume point set in the i dimen-
sional coordinate system. Lete be the unit column vector,
whiche = [1,0,-- -, O]T. {1} represents the i-th set of fully
symmetric points that completely arrange element e and
change element symbols.
When n = 2, the base of volume point under 2D coor-

g[8 T O]

(w;, &;) is the volume point set of 21 selected points with
the same weight.
CKEF algorithm principle

1. Time Update:

Pe k-1 = Sk71|k7151€,1‘k71

Xik-1k-1 = Sk-1jk-16i T Tx—1k—1

sz_1|k_1 =f(Xik-1jk-1

k-1 = 7 Trer Xixxa

P = Lty k1ot — 1oy + Qe

(10)

Where, p (x;_1) = N (;ek,uk,l,Pk,”k,l), which is
the posterior probability density at k — 1 time. m is
the dimension of SLAM state quantity, and the joint
volume rule is 2n; szfl‘ k1 is the volume point rep-
resenting the state quantity at k — 1 time; £5;_; is the
predicted value of state quantity at time k; Py _1 is the
prediction value of state error covariance at time k.

2. Measurement update.

P qjj1 = 5k-1|k—15;f,1\k,1

Xik-1jk-1 = Sk-1jk—1Gi + Tr—1jk1

X a1 = F (Xik-1je—1

o1 = i Lia Xikr1

Pt = 5 Liq Xk 1% kg1 — k-1 1 + Q1

(1)

Where, z; ;1 is the observed measurement of the i
th volume point; Z;;_; is the observation prediction
value at time k.P,, ;1 is the autocorrelation covari-
ance; Py, ;1 is the correlation covariance. Wy is the
Kalman gain; £y is the state estimation at time k; Py i
is the covariance of state error at time k.

CKEF algorithm principle
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1. Time update According to the state prediction value
R¢|k—1 at time k obtained in (2), calculate the prediction
error covariance square root factor Sy;_; and state

parameter.

Pp gk = Skfl\k715{_1|k_1
Xik—1k-1 = Sk—1jk-1Gi T Fx—1jk—1
X;ik,1\k,1 =f Xik—1|k—1
-1 = 3 Ly X g1

Pkt = i Dy Xk 1% k1 — Sre-1 % + Qe

(12)

Where, T(-) is the sub formula for calculating the
square root of the matrix; Sg;_; is the square root
of observation error Qy_1.

2.1. Measurement update.

According to the algorithm, the predicted value of
time observation is estimated.

Saz k-1 = T([c}(\k—‘l SR,k])
R = SR,RS§.k

1 a A a
Sklk—1 = o7 [Zl.;c|k—1 T Zilk-1 Z2kk-1  ZR|k—1"" Zmk|k—-1 T Zk\k—l]
_ T
Przklk-1 = Mklk-15k k-1
_1 o Y o
Melie-1 = 7% [xl.mk—1 T Xglk—1 X2k|k-1 T Xkk-1 " Ymklk-1 xk|k—1]
Pxzklk—1
sz, K|k—1
W = Nzzig-
k Pz klk—1
Szzklk-1

Sk|k = T([Uk|k—1 - Wk‘ik\k—1 WkSR,k])

(13)

Where, S, i (x—1 is the square root factor of prediction
error covariance; Sg  is the square root of the system
random error Ry; Py, yx—1 is the estimated cross corre-
lation square root factor; Sy is error covariance factor.

3. Experimental setup

3.1. Extraction of orchard environment

Using the unmanned aerial vehicle navigation path as
shown in the Fig. 1 to implement pesticide spraying and
other technologies on the sampling plot, and verifying the
positioning accuracy of the warranty unmanned system
under the following parameters.

The Kmeans clustering image processing method is
used to obtain a segmented image, such as Fig. 2(1), which
undergoes 100 iterations. K-means clustering algorithm
is unsupervised learning and can segment the image into
several parts. The method is to cluster or group data points
with similar features together.

Dandan Wang et al.
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Fig. 2. Extraction of orchard environment

Fig. 2 (2) is obtained by applying grayscale processing
to Fig. 2(1), with the aim of facilitating feature extraction
and segmentation of the image. The characteristic of un-
supervised learning is does not require the use of labeled
data, and the algorithm will recognize patterns and simi-
larities among multiple sets of data. So give k-means any
unlabeled dataset, such as the pixel values of an image,
and then let k-means decompose this dataset into k clus-
ters, where k is a variable. It can be clearly seen from the
Fig. 2(3) that the characteristics of crops are different from
those of field ridges and surrounding weeds, which can
effectively extract feature information of 5 different color
classifications from the complex surrounding environment.

Because the sobel operator is a weighted average opera-
tor that utilizes fast convolution calculation, its weight is
inversely proportional to the distance from adjacent points
to the center point, and the gradient amplitude is consistent
when detecting edges in different directions.Therefore, this
article selects the sobel operator for image processing of
orchard environments.

Fig. 2 (4) is obtained by using the Sobel operator to
extract edges when no threshold is specified in Fig. 2 (1).
In order to achieve adaptive edge detection effect, Fig. 2(5)
and Fig. 2(6) are obtained by using the sum of gradient
square roots and absolute values, respectively. It can be
seen that the image edge segmentation effect obtained by
using the self use threshold method is the best.

This article focuses on the backend image processing
of images collected from UAV plant protection operations.
The experiment is a simulation experiment and does not
involve physical flight. The UAV state model parameters
mentioned in the article are set parameters, and three fil-
tering algorithms are simulated and analyzed under the
given parameters.
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Table 1. CKF algorithm execution steps

Start

Calculate the Cubature point sets ¢;, and the parameter X; ;1
Navigation calculation of fruit location information.
Calculate the predicted value of the state variable )A(i,k‘ x—1 and the predicted value of the
square root of the error covariance S _4
Propagating cubature points through observation equations
and square roots of cross-correlation covariance matrix Py yx—1
Calculate Kalman gain K}

SRUKF
SRCDKF,
SRCKF

Error In x direction /m

Fig. 3. Error in x direction

3.2. Simulation and Analysis of Aircraft Attitude Estima-
tion Based on SRCKF Algorithm

Assume that the initial state of the carrier is zero,
the sampling frequency of the sensor T = 0.025s,

and the system noise and observation noise are Q =
0252 0 0
0 003 0 |and

0 0 022
012 0 0
R = 0 0012 0 | respectively. The motion
0 0 012

parameters of the carrier are as follows: velocity v = 1m/s,
velocity error 0, = 0.1 m/s, maximum angular velocity
a = 3°/s. Under the above experimental environment,
50 independent repeated simulation experiments were
conducted based on SRCKF-SLAM, SRUKF-SLAM and
SCDKF-SLAM, and the estimation errors in the x direc-
tion and y direction of the carrier path were analyzed and
compared.

It can be seen from the figure that the maximum esti-
mation error of the SRUKF algorithm is about 4 m , and
the maximum estimation error of the SRCDKEF algorithm is
about 3 m , and the estimation error of the two algorithms
gradually decreases to about 1 m after 4500 s of simula-
tion time; However, as the simulation time goes on, the
filtering error of the two algorithms increases gradually
due to the large amount of numerical calculation caused
by the large number of state quantity dimensions of the

Errorin y direction/m

SRUKF
SRCDKF
SRCKF

3 . . . . . N
0 1000 2000 3000 4000 5000 6000 7000 8000 9000
ts

Fig. 4. Error in y direction

two algorithms. In a word, the estimation error of the two
algorithms fluctuates greatly and the filtering is unstable
during the whole simulation time; Based on the SRCKF
algorithm, the estimation error of the x-direction of the car-
rier position is basically between [—1, 1Jm. The stability is
better than SRUKF and SRCDKEF algorithms, and the error
fluctuation is small.

It is assumed that the plant protection UAV travels along
a straight line, and the flight direction is set to the y direc-
tion of the coordinate system. Therefore, the estimation
errors of the three filtering algorithms in this direction are
correspondingly reduced compared with the estimation
errors of the x direction. It can be seen from the figure
that the error range of the SRUKEF algorithm based tracking
estimation of the carrier position in the y direction is about
[—2,2]m, and the SRCDKEF algorithm based estimation er-
ror range is [—1,2]m. The estimation error range based on
SRCKEF algorithm is [—0.5, 0.8)m, which is more stable than
SRUKEF and SRCDKF algorithms.

As can be seen from the figure, the error fluctuation
trend of SRUKF and SRCDKEF algorithms for tracking and
estimating the carrier position in the z direction is basically
the same, and the maximum error is about 2.2 m . The con-
vergence speed of the two algorithms is basically the same,
which is consistent with the computational complexity of
the two algorithms. The algorithm based on SRCKF esti-
mated the carrier position in the z direction. In the 2000s
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before the simulation time, the error was basically small;
in addition, with the continuous increase of the volume
points and the constant update of the state parameters, the
error increased slightly, but within 0.8 m . After the adjust-
ment of the algorithm itself, the error gradually decreased
and finally became basically stable. In conclusion, SRCKF
algorithm has the highest filtering accuracy and the best
stability.

From Table 2, it can be seen that among the three algo-
rithms, the estimation error range of carrier position based
on SRCKEF is the smallest, and the mean error in three di-
rections is also much smaller than that of SRCDKF and
SRUKF algorithms.

3.3. Additional experiments

In order to further reflect the superiority of SRCKF algo-
rithm for position estimation of plant protection UAV, this
paper also conducted several groups of experiments based
on SRCDKEF algorithm and SRCKF algorithm. The simu-
lation conditions were consistent with the previous ones,
and the simulation results were shown as follows:

It can be seen from the figure that the maximum estima-
tion error based on SRCDKEF algorithm is about 4m, and
the maximum estimation error based on SRCKF algorithm
is about 1.5m. In the first half of filtering, the former has
a large error fluctuation, and the latter has faster conver-
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gence speed and better stability. In the second half of the
simulation time, the filtering estimation errors of the two
are basically in a small range, and the filtering is relatively
stable.

It can be seen from the figure that there is little difference
between the two algorithms in the estimation error in the
y direction of the carrier position, which is related to the
straight-line path and flight direction set by simulation.
However, overall, the average error of the SRCKF based
algorithm is slightly smaller than the average error of the
SRCDKEF algorithm, and its maximum error value is also
lower than the latter. The error fluctuation is small, and the
stability is good.

It can be seen from the figure that the estimation error
range based on SRCDKEF algorithm is [—2.3,2]m, and the
estimation error range based on SRCKF algorithm is [1,1]
m . The latter has smaller average error and higher filtering
accuracy.

From Table 3, it can be seen that the estimation error
range of carrier position based on SRCKF is small, and
its mean error is also much smaller than that of SRCDKF
algorithm.
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Table 2. Errors in three direction based on three algorithms

Parameters SRCDKF  SRUKF  SRCKF
Mean error in the x- 10564 18922  —02135
direction/m
Meanerrorinthey - 5501 (8940 0.1647
direction/m
Mean error in the z- 12056 08063 02195
directio/m
Simulation times 0.0246 s 0.0326s  0.0129 s

Table 3. Error range in three direction based on two algorithms

Parameters

Error range in the x—
direction/m

Error range in the y—
direction/m

Error range in the z—
direction/m

SRCDKF  SRCKF
[~15,4] [-16,12]

[-15,38] [-1,21]
[-25,2]  [~13,09]

4. Result discussions

This article is mainly based on the research of plant pro-
tection UAV structure design, navigation attitude control,
and precise pesticide application technology. When imple-
menting pharmaceutical spraying operations with UAVs,
attention should also be paid to factors such as UAV nozzle
leakage and the impact of pesticide deposition on crops,
in order to determine the changes in crop growth environ-

ment parameters.

5. conclusions

In this paper, an attitude estimation algorithm of plant
protection UAV based on SRCKF is proposed, and several
groups of experiments are used to verify that SRUKF, SR-
CDKF and SRCKEF are used to track and estimate the carrier
position in x, y and z directions. The estimation errors of
the three algorithms are compared, and it is known that
the estimation error fluctuation range of the SRCKEF algo-
rithm is the smallest. The average error is the smallest, and
the convergence speed is the fastest and the stability is the
best.At the same time, the paper verifies that the filter es-
timation of the attitude Angle based on SRCKF algorithm
can reduce the small roll angle error and pitch angle error
of the carrier in a short time with a given azimuth error of
[0.8,0.810]. The algorithm can reduce the large course mis-
calibration angle error of the carrier to very small within
the simulation 60s. Which ensured the precise position-
ing of the carrier pose and the precision of the navigation
operation of the plant protection UAV, and improved the
efficiency of precision agriculture.

This paper investigates the application of UAVs in plant

protection, which have three main advantages:

1. It has the characteristics of low homework height, less
drift, and can hover in the air. The downward airflow
generated by the rotor during pesticide spraying helps
to increase the penetration of logistics to crops, and
has good control effects.

2. UAVs operate through ground remote control or GPS
flight control, allowing spraying operators to operate
remotely to avoid exposure to pesticides and improve
the safety of spraying operations.

3. This paper provides simulation and verification of
three methods for estimating the position information
of UAVs, which provides certain reference value for
the subsequent real flight environment of UAVs. The
use of high-precision navigation can help improve the
efficiency of precise pesticide application.
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