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Path Tracking Algorithm for Mower Based on Virtual Radar and
Two-level Neural Network

ZHAO Yongchun'® ZHANG Qing'> YOU Yong'® HUANG Shaojiong' LIU Wen' WANG Decheng'’
(1. College of Engineering, China Agricultural University, Beijing 100083, China
2. Grassland Machinery and Equipment Research Center, China Agricultural University, Beijing 100083, China)

Abstract; In order to improve the path tracking accuracy of small dual-motor driven crawler mower in
orchard under severe road conditions, a path tracking control algorithm based on virtual radar path
perception and two-level deep neural network was proposed. Firstly, a two-level serial artificial deep
neural network was built, and the first-level deep neural network calculated the relative position
relationship between the crawler mower and the target path through the virtual radar path sensing
algorithm. The control speed of driving motors on both sides was calculated according to tracking
deviation, heading angle, influence factor of lateral deviation, factor of converted track slip rate and
relative position relationship between crawler mower and target path, and path tracking control was
realized by second-level deep neural network. The U-shaped path tracking tests of crawler mower were
carried out on orchard road surface after irrigation. When the vehicle speeds were 0.4 m/s and 0. 8 m/s,
the maximum lateral deviations of path tracking algorithm were 0. 064 m and 0. 072 m, and the average
lateral deviations were 0. 026 m and 0. 033 m, respectively. Compared with the traditional pure tracking
control algorithm, the maximum lateral deviations at the test speed of 0. 4 m/s and 0. 8 m/s were reduced
by 31. 18% and 20. 88% , respectively, and the average lateral deviations were reduced by 35. 00% and
29.79% , respectively. The path tracking control algorithm combining virtual radar and two-level deep
neural network can effectively improve the track tracking accuracy of crawler mower on bad road surface.

Key words: crawler mower; virtual radar; deep neural network; path tracking

Woks H 39 . 2022 -06 -30 & [E H . 2022 -08 - 19

EL&THE: W5 E S0 LT E (2022YFD22021)

EE BN : BKE(1999—) , 5 Wik, 323 N FHLER 2 > K BEAR LSS & 45 51 55 1L B 5T, E-mail : 1727667355@ qq. com
BIEIEE: KPK(1986—) , 55, Rl #8232 %2 D 42 40 A 2 9 AN 80 BE AR ML %< & H R BF 5%, E-mail : zhangqingbit@ cau. edu. cn



AR G5 T U0 T T 0l 2 R 9% ) S R AL AR BRI B U 223

5% 4 1)
0 3%

F 77 3k [ 5 5 A e f) LA A 2K S X A1,
o X RIAR P 30 IX 1 25 4 LB AK K SF R 31 20%
F110% 457 T 1L Hb 1 I8 M4l 194 35 1] 2 4 LA Ak K 7
WA 5. 75% " o 5 bl ) B 40 ol R — 30005 5 4%
FLI R Z W T AR, R R A SE B ALY
S A ) 04 A R S R R e A B
8 R O s R R KA O - g /| Wl W - Y 18
PRl AR B ER O ARZ Y M T
BT AR R R S AL SE R Bk R TR
0 2% B4 T N 4 0 B A R B s A A 22 ST RE T L O
37 i 7 AT AL A Sk P e S5 B T R R X T
L S5 ] TR 5 B 9K 5 A 10 0 B TR, LA 25 I 4% g
SRR P B AR R 4 T B O 0 L U e e o 7 A
SR A E M D B 3 L e 4 3 R
s AR S o TS G SR A R BN 0 4

FIRAT, T J2 98 0E 4% 8% T T 4 990 0% 420 B B o
(O BFFEH D o 0ot o B T TS R A 5 2 A Y B A R
B I A, 0 8 0 2 O R T — R R T A 5
PRI =K Bezier 4k 2 % B 42 1 18 B 1004 7 ¥,
TERUT R B P b 28 P S A THRBR IR 22 A 7, &
S5CHb A ) AR R 5 e AR R T I Ok 1 B
{HL A % 1 JA A5 VR B Y SR 1 T R A 2%, B B AR
5% BT S S5 o X AR B 2T o o T D A X
LA AT 08 R e 2 i e T — B R T K S A2
24 (LSTM ) il i ¥ 201 455 245 oy 9 48 428 41 7 12 (SMIC)
VI T IR HE 2 5 J7 v i LSTM 2k o oA %601 T 4t 191 3
FREE I AN, B AR T AN 3R e mi . (B2 LSTM
ey o R A e Vel D N A & 7 Ok 2ok
54 0 H bR AR B T AE 7. st it
T TR 2 I 4% B R R Y 4 B AR BR B R
G5 1% 22 50 LA R R 1) Ml 22 R 1 D 22 45 S 5 o)
N TP 00 JE 4 7 Tl o 3 2 1 Sy i e, SE T B AR R B
Pl H R T RS B A — g Mg, HitE
2 S 5E D OBUR B0 2%, S EUE S TR AE %
XA R T — B IR T 8L 3k 0 B A
AL B A R B A 4 O 0 T S () A R A
24T fh £ T O P R LS A PR X A 14 E b B AR
SE ) BA —E T RE ) . RIS T — G 2 )
2 AT R 4 o 5 A, fEL R [ 5 B 42 0 4 4 T 1k 5
S X BIL S IR A g T BRSO A R T
ZE),

el Yo 5 0 D B T 5 TR % R O 4 T
LT 2 05 e 770 BB 2 o D L R 4 R T
TN 2 ) D5 B T — b O A 1) AR R A

e WCE T ERRRES S a4, LT T AT
R ) e, LG R T DU R P o Y 4 A Bk
ARG . AR R T R R R
SE P (1R 5 TR0 0 00 g A R BE% 4 R O 3 Tk R
ZINBRS 3 A R T 5 TE B ) ) A A S A BRI A
PEAT T SRR, % SR Bl P 3T 9 A A 4 B T L
AT AR T B0 I A BR R PR B A o 2 R
3 28R I T S AT 7 G A R A )
Pt — b g A R R A G PR Ok, 5 O T AR
2 ) D LA S B R D R, LAGE B R AR
B A BETE T A AR E R R E R, HZ S OR
LA D A AR A D 4 ) 2 R, RS B A2 AR B
TR

Bt X SR e g AT TR 9 IR R A e A R
B A ) () A, AR SCHR ) — b AR 0L 7 R AR A e A S
T3 % R R P 2 0 2% R IR B T S T R A
88 S At 1) A U P B AR BR B P R SRk o B
PRI T T I AU TR S A M UL TR A R 28 ok P IR
JEE P 22 ) 28 T SRR — s 2 3 00 50K 50y e AL 14 LA
P e Bk R R SRR 0 el i R
Pl 52 A 0oF e 56, 6 TIE 12 530 vk A 98 Tk 8 e T S
a7 T RIL B A R B 42 o 8 A A R R

1 #RFTTE

1.1 BHFREENKEFE

A S8 1 JR S 2 R L Al - 5 ph T
e A ZEE T IO B B AHUAT FR 2 7 A2 7, £
B LT TGS, o R R A AR R AL R
FE LA 1 B JEA SR L B SR

k1 R
i /LE

(b) PEZEFE

1.6.GNSS K& 2. 3. JEAFahmpl 4. #4523l

7L BHLKSh G 8. FALHL 9. Shiriil 10, B S
K1

Fig.1 Test platform

\
6 ~

P N ¢

A e
// N

(a) SR

®1 BEREENEERASH

Tab.1 Main technical parameters of crawler mower

S8 HUE
K x P x #/(mxmxm) 1.8 x1.0x0.75
LT kg 500
4 R 3
HHEEHA/m 0.35
FJIH 53/ (romin ") 1 600
i J% 18 S B /m 800

AT/ (mes ") 0~1.2
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Fig.2 Kinematic model of crawler mower
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Fig.3  Schematic of virtual radar map generated

at a certain time
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Fig.4  Algorithm framework combining virtual radar

and two-stage deep neural network
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Fig. 11 Schematic of structure and function of

second-level deep neural network
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