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Research on Migration Path Planning of Autonomous Vehicle Model
Based on Deep Learning
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[ Abstract] In order to solve the problem of no vehicle dynamics constraints in the traditional path planning method and eliminate
the tracking error of the vehicle model, a deep learning —based autonomous vehicle model migration path planning method is
proposed. First establish a virtual driving environment model based on the real environment, which applies the optimal autonomous
driving strategy after deep learning training; then transfer the actual scene problem to the virtual abstract model through the
MATLAB automatic driving scene designer, and finally verify it by simulation experiment this method. Experimental results show
that the proposed method can reduce the lateral tracking error, improve the generalization performance of the model, and reduce the
problem of excessive dependence.
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Fig. 1 Virtual driving environment model
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Fig. 2 Simplified monorail model
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Fig. 4 Schematic diagram of model migration

TRBE 24 2T AR ML (8 S 500) S 56 (1) 5% T Bl
Prn TR O, I AL AR G 1 S ST R T
VAN I e T CIE Y SR Si= s BT e 8: B2 by N S 1
ZHTIZRRIRCR BB Z 9>, 3 i 2 0O e 241k,
VERE T LAF T8 S50 bR i VR B 24 I B M, . W)

U= var, =2, UM = var,, = 0.01, RN
1074, il ¥y = 0.6,

& 5(a) AR, PR 27 > BB ) Jr ik v
SERE Q 7EIEARIREL 0-10 000 36 B I ik, SR 5
PSRN, SFHIE Q 7F 62 000 AT EL T30, i
JEREaTRE , I S(b) AT, SRS B R Sy AL
TR DR B B, I T S BOR W BB AE rh (RS T
BT R sl ARSI 5(c) T LA RS 7Rk Rk
$7.0-6 000 Ju [l N B T REAR, SRS e Tha g, MBS
(d) A1, FAARAEIEA IR EL 0-8 000 Bl NS RAIL, 4%
JEZWRET 0 BT, UEEHITAN P48 AA30 ., F b e B A
RN G F UG IR U

HE 6 (d) B 7(d) G T % KRR TE &
PO Z AR A HURTE 0.8 s At 3 T 30K
ey RIGE 7 (e) M 7(F) 7T LAE H R 4R
] A [ B A ] 13 25 R BV R 22 P, D 3%
i B RAFAEE BRER R T, 15 22 0t IR AE
F 3K H bR 5 i i 5 25 4k



5123 WRFHTT AT, 45, B TUREES 1Y B 30728 3k A 8 T A% e A LR AT 5 67
: :
8 20
g
o6 = 15
E) 10
i 4 5
B 2 0
75 77 79 81 83 85 87
0 X/m
(a) FIIARES (b) H 325 4 ) Pk
0 10000 30000 50 000 70 000 (a) Initial state (b) Autonomous vehicle planning
ARUEL trajectory
M2 N
(a) ¥4I Q 1.6 120
(a) Average Q }ézt <100
E10 & 80
1.00 F0.8 gg 60
0.75 E0.6 = 40
0.4 =
0.50 02 20
‘Eg 0.25 0 10 20 30 40 00 10 20 30 40
ﬁ 0 1015 101
% -0.25 . 3
) (e) Himif (d) Tyl fi
050 (c¢) Heading (d) Steering wheel angle
-0.75 ey
100 6 TETHIE—
' Fig. 6 Curve driving test one
0 10000 30 000 50 000 70 000
ANV 30
(b) SRmEES: 25
(b) Strategic choice 20
§ 15
10
4 5
2 0
75 77 79 81 83 85 87
'HS% 0 X/m
e
(a) FIHRE (b) AR AR LR
-2 (a) Initial state (b) Autonomous vehicle planning
4 trajectory
1.6 100
0 2000 6 000 10 000 14 000 _ 13 < 28
BRI R g
(c) M & 0.8 o 28
i E 06 =20
(¢) Noise 204 = —4618
0.2 -80
25 -100
0 s 10 15 20 25 30 35 0 5 10 15 20 25 30 35
20 t/0.1s t/0.1s
s (c) Mrf (d) Jrm e S
;;, i (c¢) Heading (d) Steering wheel angle
=
10 025 04
0.20 03
> o 015 D\i 02
il = 0l
0 = 0.10 ﬁb
0 10000 30000 50000 70000 & 005 ol
BAEK 4)0(5) 02
1 X -03
(d) BR 0 5 10 1520 2530 35 40 5 10 15 20 25 30 35 40
(d) Loss 1/0.1s

(f) WHERATIE M 0.3 rad
(f) The initial heading angle is
0.3 rad
7 LETHIR
Fig. 7 Curve driving test two

(e) WILAMLE R 0
(e) The initial heading

angle is 0

5 REFIRIISFER

Fig. 5 Deep learning model training results
3.2 BI3ERFHPTANEIE
D7 H MBS AR T, A 3h 28 344070 591 LUAS[R] 19
Pfoi s th 4, anigl 6 FIE 7 Beos  HRREIRI et 25 4
S BT R AT AT B AR R b, A ) )
NGEPEHEA FAV-AR, e KAB A A HLE BRI

BRIE
D7 ELIMX R 45 SRR T, AR SCH $ A 1328 ML J7
VA RS BN R A I B 0 A | LN 1) o i



68 B o /5 M5 MM

510 %

M AT ESBEMEEZ N, 8idE
MATLAB H 82 37 5t ih#s 2250 DL fa s 47 3
WIS E RS UE SR SE A R R A ST R
BRI /o 1] IR 15 22 R4 v A AR 110 7 FR P B D
ZINIeE AR ) A

S ik

(1] BRI AT 5] T 0 5% 17 RN (D). W BB
T.K2,2014.

[2] PAXTON C,RAMAN V, HAGER G D, et al. Combining neural
net — works and tree search for task and motion planning in
challenging environments [ C ]// IEEE/RSJ International
Conference on Intelligent Robots and Systems ( IROS ).
Vancouver, BC: IEEE, 2017 6059-6066.

[3] SANTANA E, HOTZ G. Learning a driving simulator. arXiv
1608.01230[ cs.LG]. 2016, https;//arxiv.org/abs/1608.01230v1.

[4] LIU W, LI Z, LI L, et al. Parking like a human; a direct
trajectory planning solution [ J ]. IEEE Transactions on Intelligent
Transportation Systems, 2017, 18(12) . 3388-3397.

(42256 63 51)
MR, AU 52 SR 58 iU , PR P 4
GRS € R En e Ve /N

B AR A B A I ZR B A R o 31 A
ISR, w2 7R AU SRR AR | 3%
& FI T2 3 [l AR AE IR G S AR EA T2 )R
Nk, AR B AT I, 15 B R A PR AR,
Wk 2 P, il 5 P gk, mT LA EE U
£ /Yl PO |Vt

Training data

AT KNN SVM
predict learn
learn learn
learn learn
learn learn
learn predict
Average

Training data
LR

output

2 stacking Il ZRHEZE &

Fig. 2 Training based stacking frame diagram

2 XWERESWT

AR SCE S Xt B RS () MRI 28 2517 B
LB PRSI K BCAEZ S, A SVM  KNN Figke
FEW 3 Fpor 203 38 A 56 2 > 1k i PSR G
R PR A o RUOR R LR X
S DCE-MRI F1 DWI {5256 25 5L anidl 3 fios
DCE ¥4 AUC {H} 0.827, DWI 84419 AUC 1H K
0.793 , M T27 2D VA PR B Rl & 55, 455 I Fh
R TR A AUC {4 0.854,

100 ;
97 |

94 4

91 |

88 |

85 | -
82 | “——H-i__‘_x&_/f'

79 |

76 |

73

70

AUC%

DCE-MRI DW #2)k
B3 BES5ZESHME AUC EXTLLE
Fig. 3 Comparison chart of AUC value of single and multi—fusion
AT LA AR B AR S A5 I 1 73 28 25

SRS IARER 04 SR WL TR s B 1R

AR EE B, 45 2205 R A5 0 e % Al B 1=

A i W T R

3 HXiE

SO FLBE MRT (9 DWT Al DCE-MRI i

BHYFAAGHAT IR FC o LA S b 484 | SR b

BRI B S TRAR A0 A5 S, B2 LR R R

M HER L , 0 SR T R A A R B2 T

S 3Lk

[ 1] ORGANIZATION W H. Last global cancer data[ OL]. https://
www.iarc. fr/ featured — news/latest — global — cancer — data — cancer —
burden-rises—to— 18— 1-million—new —cases —and —9 — 6 —million—
cancer—deaths—in-2018/.

[2] ANDERSON B O, BRAUN S, LIM S, et al. Early detection of
breast cancer in countries with limited resources [ J]. Breast J,
2003, 9(2) . 1-9.

[3] ANDERSON B O, BRAUN S, CARLSON R W, et al. Overview
of breast health care guidelines for countries with limited resources
[J]. Breast J, 2003, 9(2) : 42-50.

(4] XVRGE, B, SRR, B a5 Pl 5HE X L2 BTl
FERRTLLAMHTL ). HBEES, 2015, 36(4) : 460-462.

[5] UL, VFRKEE. ARG LR WUAR B AR XS 2L IR 112 18
[T]. FESZHEZ, 2016, 11(26); 121-122.

(6] B, G, fkih, . MRI ShA SRR ECNABUS B2 W+
BN B JILZ R AR HT 20 ) B % BRATT ST [ 7). gt BE AR R A
SR HSRBIERR) , 2014, 34(12) : 1753-1756.

(7] ZEfi. geit a2 0k [ M. 2= R, 2012



