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A Review of Deep Learning Applicationsfor Autonomous Driving
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Abstract: The rate of traffic accidents can be reduced by mature autonomous driving technology. The technology
can guarantee the safety of drivers and pedestrians, and also optimize the operation of traffic flow. However, the reliabil-
ity and intelligence of early autonomous driving systems were inadequate, which could not meet practical requirements.
In recent years, thanks to the rapid development of the deep learning technology, the autonomous driving technology is
much closer to reality with its successful applications in Machine Vision, Nature Language Processing and other fields.
This article introduces some dominant technical frameworks in autonomous driving systems, and conduct a systematic
analysis in the application of different modules of deep learning technology. The autonomous driving system can be di-
vided into two technical plans, decomposition plan and end-to-end plan. The decomposition plan can be divided further

into three modules, perception, decision-making, and control. The article conducts a comprehensive assessment of the
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evolution histories, contemporary researches and performance of typical deep learning algorithm in autonomous driving

systems. Existing research results show that the technique of decomposition plan is relatively more mature, with a

clearer distinguishment of functions among three modules, as well as a better interpretability. However, the decomposi-

tion system is complex and requires high computing capability large software structure and cutting-edge hardware. The

algorithm should be simplified, the integration of functions between each algorithm module should be enhanced, and the

complexity and hardware requirements should be decreased. On the other hand, the end-to-end plan has a smaller com-

puting ability requirements and does not require much on hardware, while it requires a better algorithm and the safety

level, interpretability and reliability is rather low. The problems above are suggested to be solved by implementing intel-

ligent road infrastructure, the applications of 5G transmission technology, the strengthened co-operation between vehi-

cle-road and vehicle-cloud, as well as the improvement of contemporary a gorithm.

Key words: Deep Learning; Autonomous Driving; Target Detection; Path Planning; End-to-end Learning;

Perception; Decision-making; Control
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J& 4R DL S AP AR TN S HERE . YOLO &
H 404G YOLov1!  yoLov2®®  yoLov3!®® |
YOLOV4®! | YOLOVS5 %, Liu P94 i1 SSD
B, 2 RUE A RRAE RS I 25 R mT LRGN A
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Wik /N, RIEX RS TG SR E AR R
R FE FL G Prior boxes, 15 1M 3 {1 Fl 4 A
( Anchor Offset ), SSD Z ¥k U4k R-SSDIPY |
DSSDP*? | AsSD® | FsSDP* | RetinaNet!®14%:
skl O G 3N | Su B e T LR
B H AR AL e RE, 45k 2 PR,
VOC2007. 2010. 2012 5 MS COCO &M T H#r
K 4 FORFIECEAE , EARRHMDRG B B2 1) B B
N YIUMERGEE ( Mean Average Precision, MAP ),

#=2

19 YOLO H ka7
Fig. 9 Anexample of YOLO target detection

AL TERERS 1L

Table2 Performance comparison of single-stage algorithms

— — - I:;302007_ vg)c2010_ v ?c2012_ MS COCO ( mAP/%)
4@I0U=0.5) (mAP/%@IoU=0.5) ( mAP/%@IoU=0.5) AP@0.5 AP@[0.5,0.95]

YOLOv1!1 GoogL eNet 63.4 60.3 57.9 - -
YOLOv2/#" DarkNet-19 76.8 76.5 73.4 44.0 21.6
YOLOv3# DarkNet-53 - 79.8 - 57.9 33.0
YOLOv4®!  CSPDarknet-53 - - - 64.9 43.0
SSDI* VGG-16 77.2 75.1 75.8 485 28.8
DSsD* ResNet-101 78.6 - 76.3 53.3 33.2

RSSD!* VGG-16 78.5 - 76.4 - -
ASSD!* ResNet-101 83 - 81.3 55.5 34.5
FSSDI* VGG-16 78.8 - 82 52.8 31.8
MDSSD! VGG-16 78.6 - - - 26.8
RetinaNet™ ResNet-101-FPN - - - 50.1 30.1

Grishick 214045 11 7 R-CNN 23k, k40 Ny
= B NE R I, s R
WERED, AWEIFRMUNXE, &5k
BRI ISR X 355 55 20 ok X I
RS RS R B R/, 36 A CNIN A RS Hh 2 B
i & 55 =R Z] SVM i ik B
FR4325 . Grishick!*#2 ! Fast R-CNN, %} R-CNN
PEATRCHE, B T A A A I AR N g, a3
ZIFFENE R-CNN, W TIFLHEE . Ren
=420 11 T Faster R-CNN, X L8647 T
—Aektt, H RPN R4 7 X ke, FHshe 04
15 25 HE (4 A6 bR (B A FE AR AR I ME 2, Ik
XAMEfE LR E2EIAH# 53 . Faster R-CNN 288 T
St 31|35, REAEH T A 38 R TT CNN S2BE, He 4514
P21 T Mask-RCNN,  HCE TR %8R [X el it Ak 2t
T, Kbk AR P B BOS SRV ERUY , SR E R

LR AN E SR, RO T itk R ]
REH I/INVEC T BOR Z I I, PR A6 (R it T A
M P2 A91R Z KRG, Mask-RCNN 3 1] F -F K114
43|, Dai ZMHR T R-FCN,  HFRKIN G %
SRR M S URE R P e, R A
FRIMAJESER X It A, IF5 I B USRS 5
FRIMES, 3012800 500 B85 B . AR
AE VOC2007, 2012 J2 COCO it 4L - it RE
XFH N 3 i .
313 RE&iIELrE

PG SCo3 0 2R G A i MR R stk A T
S, HEME —DIRZ, A& B A
R T2, BBIE LBl ARC &
JZ T B2 Bl a7 gk DX R | 4R A
TR I A5AT 55 h o R B 2% 2 HE R A3 H1 v B
TE R, K 10 R R 2 2 AR AT 5



10 TANRGHAR 4%
3 WAL MERRX L
Table 3 Performance comparison of two-stage algorithms
e AR A F\J;‘E/?)(c:@zl(c))(g:o.s ) ( mAI:’;‘;gI%tO:O.S ) (mA F\;g/i(c:@zlgtz:o.s ) ( mAP/%éI%(L:JEO.S:O.% )
RCNNM0 AlexNet 58.5 53.7 - -
Fast RCNNM  VGG-16 70.0 68.8 68.4 19.7
Faster RCNNM3  VGG-16 73.2 - 70.4 21.9
Mask-RCNN“  ResNet-101 - - - 36.7
R-FCN!*4 ResNet-101 80.5 - 77.6 29.9
HyperNet!*! VGG-16 76.3 - 71.4 -
MR-CNN[“® VGG-16 78.2 - 73.9 -
OHEM!7 VGG-16 74.6 - 71.9 22,6

[ 10 7E I8 AT A7 G X Sk PR 5 o Sy 45
Fig. 10 Semantic segmentation results of
street drivable area

AIATR X IE Loy I ZE R . B, NMAHT
G S BB TR B 2 > 7 i E R I
o] G W aE > U I S B R A
LU LA . 15 X 50#] FCN | 5B 4% ( Deconvo-
lution Network, DeconvNet ), DeeplLab, Refine
Net. ResNet Fll PSPNet 45,

FCN ¥ CNN 55 M i 2 240 il T B,
&P ) FEZ D0 f A FCN Y BIHR AT LU 1T
RHRGER, B Z B R R By 43 %1
15, BRI R TR BE 2% 2 1 o RIS BEACHT
FCN & 1ok . 2015 4F, Long %yttt T
wi B sl 250 FCN, JF4 H TS 3 #] . FCN
JE R B 2 2] AT 18 S EI 53K, (BB A F
FhERBG, FEAFIE LT UFEER . a2 &
A 5e Ak T ARG A B 55

2015 4F, 7E FCN f5Lat I, Vijay &05%% %
Segnet R, B R G i - RS 2 X FR 45 R, T
SE I IE Ay BT 55 B iR B R B0 . AT
FCN, Segnet ARG T /N, SRAF R ARAE K )
2 [ {5 B Ry i /N, DeepLab-vl J& Google
P BAIE & 1) — i LG o BN 45, 2 BRI Lo
PERE S IF R R > — . Deeplab /39X % H T FCN
M aBRLE s, HEEd “Hole” FikglA%
TR feigy REAZEF, IR HER, R
NI IR (9250, DeepLab W 7E 5 ALBEHIE A
LR SAERERLI , X FON JRIG 40 75 %88 2% 14 Bl I
PEAT TRtk . A A ARG R e T A )
K, WERENI. 25, Google [ BAX}
DeepLab #17 T 5, 7F DeepLab-v2 H {2 H %5
23 [ AR AL 4 T IR R 22 R AR
DeepLab-v3 Xt AT 4 i A9 23 I 4 38 AT Tk —
ALY £ Xt Deeplab 25 A FIHEALH K,
I BT Z R G NAFII A8, Deeplab HYHIE &
HF0 5 GA % AR 1/8, 2016 4F, Lin>4 1 17—
Tl En b BEIE X W 4% RefineNet, 1% M 4644 LLAE
FFMARZ AN FRE A B0 AT 5 b, B
J2 R R R IF S5 3 = R B2 19 43 25 . RefineNet 7£
PASCAL VOC 2012 £i#ladE L3157k B Ho k%
I 4518 S AL () fc i i Bt . 36 4 R T LA
BUGIE X550 7 el 20T L o
314 KR EN

TE VLA 1) ISR A A 10 S R e %
Ao BHEr, ERMENMFRXE GPYIMU L4,
XEEIERE AT LIRS, H o2 R ROk
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Table4 Comparison of the accuracy of several image semantic segmentation methods

Wik VRS FEAh 9 2% PASCAL VOC 2012 mioU (%)  Cityscapes mioU ( %) HAELEHE mioU (%)
FCNM! VGG-16 67.2 65.3 PASCAL-CONTEXT35.1
DeepL ab-v1!*! ResNet 71.6 63.1 -
Deepl ab-v2!*2 ResNet 79.7 70.4 PASCAL-CONTEXT45.7
DeeplL ab-v3*3 ResNet 86.9 81.3 -
Deepl ab-v3+9 ResNet 89.0 82.1 -
RefineNet!>! ResNet 83.4 - SUN-RGBD 45.9
ERFNet[®® - - 87.3 -
DeconvNet!® FCN 69.6 - -
ENet!*® FCN - 58.3 CamVid 51.3

FENKEE, HEift A GPS/IMU/LIDAR/HD Map
RlA 1 78 6 77 58 . R REAS 75 JC P4 X Ik B 2
Ko VRZELE B 22 Bl B vh K 238 5 SC R 5 kg
VA i T T SR 35 v e (6 90 (A A
SRR R BL R, LA RS AY RE R A
ANRETE L F S B R . WS A E N R G
F R T E A (Visual Odometry, VO) 5
WO TR IR E L, T 1 J S S 3 A AH 20 P o 114
PG TR AT AR L iz sl , Ak
Y RS AR TR B AL

(1) Mo HEF

HRAE BT AL AL, W5E BT AT 43 Ry 3
FH¥H ., s7ks RGB-D EI4 VO R4, iR
JI T 5, AT 40 SRR AT S 0k B LB VO R 5100,
REAIE 12 A TG 4 B — 6 Rp I 3E 47 R 325 R D T
WE, RN AR B S RE N
SR, MR ANE 11 B, B R AR
fE 8, BRI TR R BB TR AL 2, Bk
SRR, BATERMN VO &G KL 4y
fiE ik

OB R A7 368 28 DG e A 15 196 ot P 452 1) A9 R i
RAGTHAINLEYZ 3, [ Y RS . WA A

BGFF] > FHERI > RHEVCRC (SGEER)

v

BTt

. AL
PIBREER < sk [

Bl 11 FRAE A AR T — e R
Fig. 11 Process of visual odometer using feature
point method

REZIEM, ML SR 25 BRS04 4
A, VO WEMR SR, AR EES, T
TR 24 2] B L5 LR T JE A0 4% B8 7 125 (R R AE B B
T b5, AR T 2z E5, Konda
2 [O31 i S IR BE 22 3] 5 VO R G 45 Ak, i
CNN 2 ] ML 38 Sl Bl g e . Liu 26054
P T — I TR A S (A H AL AR, WU
To W B s v YN, SOR R AR R A Sy
By, JEELEE LA B A S, RCNN-VO
5 SMFLearning ¥ % A 43 #F K &y 416x128,
VISO2-MONO 5 VISO2-Stereo fij A 1 B4 43 %
ok 1242x376, 7E KITTI B Ry sSc s,
R GAET- R G B 5 L T HA PR R VO
24, HT SMFLearning i T H 1A 5 52 25 45 57k
THeI AT, Mo L R AT T R A B, LA
PEATHLER, 5 PR TIRE R SE 5B RN
BEXT LR 0 . Wang 25U iff % 138 2 >0 AR 32 B
Jilh RGB & (WA ) J3 4 I A B2
%R GE T 45 28 T R 22 4% ( Recursive
Neural Network, RNN ), 33X Ff [ 25 (1 2R 4] S Ui 5]
SR, B AR T LS8 VO Bk AR R e B
T JEAHBUALHE ),

TR 2 2] WL 5% 5 A BE A% A R R AR e 07 1T 53
i, I H AT DASE Ao v 2 g 1) 5 SO OR FRT A R
g rpE R, SR . BRILELAE, (AE
A — el e 5, AR R AT bR 22, A
KRR, REAZ S, Wang 208 1 iy
FFH RCNN Ry 23 VO REEAENS 1 FE 2] LU
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%5 JET RCNN [ VO 5k 51548 VO S5k 5 ok B H e
Table5 Comparison of positioning accuracy between VO algorithm based on RCNN and traditional VO algorithm

RCNN-VO SfMLearner V1SO2-Mono V1S0O2-Stereo
S trmse rrmsex100 trmse rrmsex100 trmse rrmsex100 trmse rrmsex100
00 5.14 2.13 45.89 6.23 18.24 2.69 1.86 0.58
02 4.88 2.26 57.59 4.09 4.34 118 2.01 0.40
03 6.03 1.83 13.08 3.79 8.47 1.96 3.21 0.73
04 2.15 0.89 10.86 5.13 4.69 1.80 2.12 0.24
05 3.84 1.29 16.76 4.06 19.22 3.54 153 0.53
06 4.64 121 23.53 4.80 7.30 1.78 1.48 0.30
07 3.80 1.71 17.52 5.38 23.61 4.11 1.85 0.78
08 2.95 1.58 24.02 3.06 24.18 2.47 1.92 0.55
09 5.59 2.57 22.27 3.62 7.08 115 1.99 0.53
10 4.76 2.95 14.36 3.98 41.60 3.03 1.17 0.43
mean 4.38 1.84 24.59 4.41 15.83 2.37 191 0.51

« trmse(%):average translational RM SE drift(%) on length of 100~800 m.
« rrmse(%):average rotational RM SE drift(°/m) on length of 100~800 m.

*« RCNN-VO :Monocular Absolute Scale Unsupervised

« SfMLearner:Monocular Scale Post-processing Unsupervised

* VISO2-Mono:Monocular Absolute Scale Feature based

* VISO2-Stereo: Stereo Absolute Scal e Feature based
HESE VO Tk, (H3CEEWes i, BETHE
2] VO HG HAEME M5t VO BIHhIE,

(2) BOLHREIT

PO AR T RAEHOL T I 140 8 B R 5E A2
8 = 4 1 VR B S A EAT A L U
Jo ZE1CHR T fif Y Lidar FMIHLAS & 10 e 1 7%
IR H R I T B sh L as A SE A o

H AT, WREE2% 2] LIDAR & 4 B RS i
RN SR B 8 LA B S S, (HA HA ]
fip e 2e | HOBUREA SR | B SR BT AL,
PO T IBAE N A M KU ORI 2E, B
LIDAR E M BAEMIRE , WILRZHT TG
SR 6 P i 11 e A% SR [ 5 A
3.2 A YRR TR )
321 ERARIEHLR

AR AR 11 72 B A ARG o P R A S
i, AR S ANZ T B A AT LR B RE ST o
b, SURAE I RS E M H AR
CINJERERESE ), AR s st ki
PRI 734 Ry KL R0 Ry AR, 4 S B A R R0 T
Feg b IE S B R TR S LB ),
JRITR AR R T SR AR R R, B T sl

B (fege Rl O, BT, WEEIHEAR FEH
TlREEERL . HHNEEERE RS
Dijkstra, Floyd-Warshall , A T 375k | MRS 2
W IR SR AL S AR A 1R 12 PR o

E73: 520
FiiiEsk={)]
B 12 A H I Bk g A o8

Fig. 12 Process of path planning algorithm

TR BE 2% ) B AR F R — A>Ty 1] 2 3L 4% ek
i EBR A R e ) i B AR LR o XA
YNSRI e by = WS i1 e s I
S H R h2E), X 2] st
AR N B R, RS LT A DR T Ik T B
FRTEXTHE A ), ISR I A AU L e L
B AR, 2 )5 SE PRI R 0 sy B 2R
i B AT Grigorescu 251993k T 2 0 4% 42 1y
T NeuroTrajectory, 1% J7 ¥ Be % M i FHHHAS FiIAH
INF 1) 28 s iy A v 2 2] R JR IR A T L B X 4
90 T Al 0 S B ol T B R ER L 1 U0 TR
JE Q 2 > RN I P 24 H AR HE AT A 2h 2 3 42
9 1 B e B ) 4 JRy AR R KI5 Dijstra B3k
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A* GRS EIRR L, BT 4 ] B s
17.97%.

TRIEE 27 > BE AR LA B89 53 — AN T i) S TR =
ARG LG MRITEME G, URTHESE
SVETERE . CL-RRT S35 ] L2521 52 2R 52 il 1
LT B 2 PR, R A 2R e e i
RHARENZ 2, HEritiaR, i

i1 . Chaulwar 20 i ] 3D-CNN il % 52
W Rl A s 2, MfigZ> T CL-RRT
MR R, SEERZE KM, 5144 CL-RRT J7
ARG, %7 ok AR RSP Bt ] 5.05 s [
y 0.62s, MMiFEASEAT W FE LM (TR AR
R 100%[% 4 99.63% ). R & 2 2] T Bk AR HL R i
FHAFFE S BN 6 FiK .

# 6 BRI BRAR LA R FH T 52 401
Table6 Examples of deep learning methods in path-planning problems

TTHELE Jit AL SRR
GridSim Bl (TG Xk ) +S2PRiE i DNN IRFETER RN S BRI 5 S B T IR R 22 , R TR S BR e s N B 2 Bl

(50 km [ /A #+50 km IR TTiE % ) 0
Ik T e L)
TR L

Kepssim s 1

WEE Q-]

3D-CNN+CL-RRT

BB R MR max (ey) KT DWA #b

5 Dijstrafiik . A*SERESREIRAML, TR R 17.97%, HAR

/> 6.89%

3D-CNN+LSTM HI X He T3 (commaal HLalipiki 75 ), BUB M4 BB e . Eal 4
5f&5: CL-RRT BE A LY, 1% 05 I K5 B A2 LA 24 B [ iy 5.05s %k 0.62s,
TCRIETE 42K 11 100%f% 7 99.63%

H 32 3 A7 A2 S R X 43, AT LA
WA LIS S [ A 2 ) R ) [ R A AR Y
AR MR o R 5 Bl A i R 1) 3 )
L SN k7 815 s I B e B 2 N )
R R 5 R DDAR G, T A R 16 30 2 x
4 1) R ) SRS o I R P s A AL AT A
MO RS M B e B T B | S S S AT
HRRZS, DR EMES . S0 ERESEA,
By Y I — IS, BRI B IV 8 7 0 BB
RGBT IR A ) 1k R A . JE TR 251
BB LR 7 i . FE T SR 2R A 0 B D
WL B R GURRIE B HLR 5 R R TR B 1Y
SR8 A

TR 27 3] H AR e K S s B R 4R T
WL AE, FET YRS LS R kLR
TomBlmE T, TR ARG B A E
B, F R I — AN S ) A
22 W24, Preiffer 207 it Fi— it 51 i ) 35 AR o 28
W22 5] N 2D OGN BRSS SR 5 H AR 55
] A BOWEET . 7 ELAS B R, B 3R R
NI T 524 T i % 50 R 2% . Lin 2507
7 JH TR B 27 ST 570 )N 28 B 54 IE 42 5 v 2
TERE J1 2 He b 5 b i PRI ) 2 s o S

DGR, BRI R T AR 5l 5 2 421
T P A B R B¢

AR BE 27 > EAT BT AR B9 73— 03 SRR
JESRALAE 2 Yu SR T — TR s kA
BB AR LRI D5 1, 207 R IR A0 SR AR R R A Y
T IR AL BES 58 S IH B VR BB 45 1 sh 1
RS o Du S IR 3 Ak 2 > AT R
B A SR AR, O ELAS R R TH 4
B 90%, A KA BT T B AR F TE
11~97 s [l 35l .

FIHT, R 2 > TR B A FL R 5 e L ) 5 sk
D PR Ry (o P 2 1) 238 L) R A2 130 )
ACRIFABAR, B TR 2 278,
MR 25 Rz e 22, I RErEA 2 o {HAH
WABGE S, P MR ST BB 5 B iR I
SR PR PE A 2] B i ) K s R AR
FEM PP st iR 22 %, (H il TR S
Wesm A AR B = (A 2 gk AR A ),
S A TR T X A 1S HR P ) e 1 AN R
322 AT HNPR

X LAY Bl B Y R SRR 4 R A P
R, HARYE WA RGP ARG B PREE 5 4
WG R, RS BRFT RS2 Chn/siE F m)
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&), IR G RpATE Ye, BT, A3
BIPJOR R G EE T NI, ST R Y
IR RGEAEETHLA T R R G, BTN
(R FR G T 22 ST e R B B B P2, RhAS 22
AT HE A I )25 B A7) S BE BN 3R o %07 s iy il S 7E
TABERLA FE A5t Hak T LA ] SR i .
TN G4 TR 22 0 TR B 2 S TR SRR
Loiacono 2 T —Fh i FHERE Q 4% Deep
Q Network, DQN I F 25 3115 42/ 42 5k i , DQN
MR E 13 FR. fEE % IEHLIRES
SRR TR G OL T R PR R, IR e
TORCS Wit A7 1 (5 HLSL 4, R L RES IE4T
BB e . Sun ZENVER X (138 R ATR G T
MBI R 29, R T —Fh T AN [ 3
T b A B A TR I R R R
( Deep Deterministic Policy Gradient, DDPG) %
P B AHRIERAE I SE, RKR%/H T
Agent HYIIZRINE], JEMRDe T 15 505 T R0 53 1%
7052 2B A 8 G R bk f 1B, Zheng 25501

MR 4RO BB, a7 T 3T omfbs > 1 A a2 gl
PR ARG, W W B A B R B R Pk
1% ( Markov Decision Process, MDP ), J{-{#i F 5
b 27 et MDP MR . = PR BRI T D5
AR Tk mastE, R79hEa% TR
SRR A3 W FH IR B 27 S BOR AT B 372 Bl A4 ke
WIIFFE . Hodr, SCHR[81) A EUE A H Jy =0t
KU ERT ET-5 .

| DQNiR2 i

%_

Max,'Q(s",a’;6~

R BB Q(s,a;6)

A

W poemesObaOh | MEH | g Hir{E
: Wi (AsE]

Lo ]

(s,a s

K113 DQN % ik (e
Fig. 13 Process of DQN algorithm

(s.a,r,s")

KT ORI PSRBT
Table 7 Examples of deep learning methods in decision-making problems

RIE 2 2] 7 Wi & ST T A e 1 i
DQN PreScan’® R T BHE T R SRS, TR G A AT A 1]
Q TORCS™ HATIART R R A R B LR A 1 A 2 DR R
Prescan™ A A R T A [ e e 7R P A AT 1 3 i e
. A ) fif ol S 2 WL R A 1 S B IR, R A E S A R 3R
’ .183] A0 % 2 . -
DRL Al 1 FWTRENE S s
DDPG N P o 2 A BT R SRl MDP, B T 38 S0 RS (9 42 i o K, Dl L
DDPG FikfE i fE—iE
VISSIMIES g e (EPTREL HORER P SR BRI A RO, 5 IS B B

R GUERL (1IDM) AH L, IR R T 7.9%

DA B R 3 B PSR T ST, {H A B
25 B 4 157 PR TR 5 2R B RE S DRV R AT B
o T IR W6 £ LT B RO, A 2 e T 2
SHE AR S 258 0 G T T2 3
i . Mobileye 2 ) B FH 4 T I i 9k Ak 2% 2T 19 25
BRR R GE, I HE A IR — )
(1558 [ BBk b, SCELT 34 R
MR . Waymo 9 1 3072 B ple 35 22 G800 P i 2%
AR HAT B, I ELRERS BT A8 %
BT —LRIEE, IFHIRHZSEXT F B 21750

RSN, e A S B B

HTRE AT A B IR ARG HATE &
REMA e — L2 B 75 N B SR IRl, JFR I T
LR ST RE T o (IR EE 27 > TR L A
RESZAEAG DL SR A M A MR, SRR
AR, FUEEM, 2SEuREEXIYR TR
AR, AR AR AR kIS T gk,
SRBPORITE K, YIZRE A, SRR 2 X
R A] AR o R TR 7 ) PR, — 5 1T 2L
PRAUEREA T A, — O 1 2R U 3 50k
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e e R R Y
33  HIEYEERE TP TR EY 2]

MR YR B2 32 2 AR AR A s . S TC N2
A Fizsh#E e A B W EEANITE S Z— R
JE 2% 2 7 AR He A g 1y A PR AR T, Hep 2 —
R = 2 s aeta g, BRI C A2
BRN IS B R I G A, (R AR SR RS
GREMERLE N R 5 — R TIRE TN
i 3] o 45 ) R0 , R IR B 2 o] SR A 7 4 i A A 22
B S  ABE =T, s R A
HEESa . 75BN R, B
L) SR C R e AR s o NN 3
R AR ER R ASE RN PSR AT, ek T
W3 A 2R L T o

1B SR RIS S 75 il #% ( Central  Power
Control, CPC) KARYEZ 3l A M S /EF T AH 1 1Y
S SRR BEFR A o AL Ge il fn i i A A T A
RIS T RS BR 2 oI i s il o (HAR s
il 2 A X — e s R A R S 2
BALA, HHXEESHE (Rir. WE. 24
BB S ) BUR G s iz B (WA IR . #
HEARRE) B, BGBRITCEE N LA AL, 1
MNEL A B Hh 2 2T AT RS ek 2 )

TR 2 2] i il 2 1 — AR5 1) S VA 45
il #4842 2T, DT R S T
ST R BB A . Ostafew 58745 1 T —Fh T
22 2 By AR £ M #2  ( Nonlinear Model Pre-
dictive Control, NMPC) ##k, B G H T
ANEREFHLAR N, I S s 28 56 R Uk /U [ A48 BR AL
B, AR EE HARHIE T e —HtEH , B
BCHTE AR FNERMLES A 3N 12 R B 43 BT A AR

TRBE 4 2 R SR AL 4% %) (Model Predic-
tive Control, MPC ) AHZS G-, A5 78 33 0 < ) J& — Fef
3 o SR AR DL AR TR U TR A7 o 4 o SR s
TR 27 2] 5 A5 MU vh 2 > A (] 25 B XU
HAR G AS 7 KU i 114 % i) sk 3 65 4881, Chen
Al T — B AT R 2246 (Input Con-
vex Recurrent Neural Network, ICRNN) AT %&
G, M RGBT AR MPC HEZLH, K

it Fe A UV IME o X — RIS S 1 A5 44
1z 3 B R LT, TR JEE B 22 ) 452 ] MPC
H ) A A e 2l g 27 L g b 0 4% o i 4 %
FAIZ B .

TRIBE 2 2] P il e 1) 2 AR BAAE T HRE A HE IR
JEo e S BOR G EGE BIg A Sl ok . XA
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D 4% AT A bR I A, 4 BV E AR A IR 2
FOFRA TR, 75 B X VR 4 28 P RN mT i Rk
PEESR s TRAIRIPZ AL RE Sy s, il 2R
RITEREW N T AFEER . AR, DIREK
FRWA . WAL, — kU, BB 2% 1A
floR ff st L SR 2 Rl i, IrMRA S
B4 A S B e A e B9 AR 2242 ) 1) 4 SR o R
AW ERZR, SRR W
BEEHE, XA — R L RRE] TR T T
S g il e A5 Hp 4 o
3.4 uRENE A Sk

BT “BN—PeR— " wmERR H 3
B RGBT HARRRIRIE, LMW T
R EvETR . (HAFAE L VR 2 ), B 2R 5
FH A REAEE TR, REE SN .
AT YDA IR, AT N D U s e ) e TR
FAMT ANERE . 53 F 320 R 5 HiE
12 OB W B B 2 1] i 190, RERS KIRFR IR R 52
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Summary of Simulation Development of Unmanned Combat System

CHANG Xiaofei', JANG Denghuai?, J Xiaochuang?, FU Wenxing"

(1. School of Astronautics, Northwestern Polytechnical University, Xi’an 710072, Ching;
2. Unmanned System Research Institute, Northwestern Polytechnical University, Xi’an 710072, China)

Abstract: With the combat effectiveness of unmanned combat system in the current complex battlefield environ-
ment, the research on simulation of unmanned combat system has gradually attracted the attention of scholars al over
the world. This paper introduces the difference between unmanned combat and traditional combat, and analyzes that
unmanned combat system simulation mainly includes cluster system simulation and intelligent autonomous simulation.
For cluster system simulation, the modeling method of cluster system, model interface of heterogeneous system and
simulation management of cluster system are analyzed. For intelligent autonomous system, the main methods of intelli-
gent autonomous system modeling, existing intelligent autonomous algorithm and intelligent autonomous simulation
system are introduced in this paper. Finaly, combined with the current development trend of unmanned combat system,
it is proposed that the research on multi domain combat simulation theory, intelligent autonomous system simulation test

evaluation, LV C training and so on should be further strengthened in the future.

Key words: Unmanned Combat System; Cluster System; Intelligent Autonomous System; Modeling and Simu-
lation; Artificial Intelligence
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Path Planning of High-speed Unmanned System in Multi-obstacle
Environment Based on Genetic Algorithm and Dubins Theory

LI Yan®, GUO Jifeng?, LUO Rubin®

(l. Beijing Institute of Aerospace System Engineering, Beijing 100074, Ching;
2. School of Astronautics, Harbin Institute of Technology, Harbin 150001, China)

Abstract: Facing the autonomous operation requirements in any unstructured scenario in the future, the rapid ob-
stacle avoidance ability of unmanned system in multi obstacle environment is particularly important. In response to this
urgent need, a path planning algorithm combining genetic algorithm and Dubins theory to meet the motion constraints of
unmanned systems is proposed. The algorithm first considers the motion constraints of the high-speed unmanned sys-
tem, designs a Dubins path that meets the minimum turning radius constraint of the unmanned system, and the velocity
vector constraints of the start point and end point, and then uses the genetic algorithm to search for the shortest path in a
multi-obstacle environment. In the algorithm design, the encoding method of the path is studied in depth, and the de-
signed path encoding method can effectively encode the position relationship between the path of the unmanned system
and the environmental obstacles according to the tangency of the path of the unmanned system and the environmental
obstacles, making it suitable for solving by genetic algorithm. It can be seen from the simulation results that the pro-

posed agorithm can solve the optimal path that satisfies the motion constraints in a multi-obstacle environment. It will
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E&TH . iz R34 (20180577005 )



38 TNRGEHA

4%

provide theoretical support for the large-scale application of high-speed unmanned systems.

Key words: High-speed Unmanned System; Motion Constraint; Multi-obstacle Environment; Genetic Algorithm;

Dubins Curve; Path Planning
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Table 3 Modeling the flight environment under multiple threats
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Trajectory Tracking Control of Unmanned Vehicle based on M odel
Predictive Control
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Abstract: Aiming at the trgjectory tracking problem of driverless vehicle, the motion control method of Ackermann
steering structure vehicle based on model predictive control is studied. Firstly, the kinematics model of the vehicle is es-
tablished, and the related constraints are given; After linearization and discretization of the model, the model predictive
controller is designed, and the iterative feasibility and system stability are analyzed; Considering the influence of the
disturbance and error of the reference trajectory on the ride experience, the tracking differentiator is used to filter and
smooth the reference trajectory. Aiming at the poor adaptability of classical MPC controller to changing conditions, a
weight adaptive MPC based on fuzzy control is proposed, and the numerical simulation experiment and real vehicle
control experiment are carried out. The results show that the controller can complete the trajectory tracking task, and has
a certain robustness under different conditions. The control performance and ride experience of the controller are im-
proved compared with the classical MPC controller. This paper provides an important reference for future research on

trajectory tracking control of unmanned vehicles.
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Fig. 8 Unmanned vehicle test platform
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Research on Path Planning of Quadruped Robot
Based on Globally SLAM

LIU Yufel, JANG Lei, XING Boyang, WANG Zhirui

(Unmanned Center, China North Vehicle Research Institute, Beijing 100072, China)

Abstract: Perception and navigation control is core key technology for the legged robot to adapt to complex terrain
and achieve autonomous walking. It is the key to distinguish the legged robot from manned equipment and become a
ground unmanned system. Firstly, the globally SLAM localization system based on the double lidar point cloud is estab-
lished in this paper, and the localization framework based on the combination of topological measurements is proposed
to achieve the map reconstruction and localization problem of the wild environment. Secondly, considering the move-
ment and high frequency vibration of the quadruped robot, the path planning based on Dijkstra algorithm for globally
terrain is adopted to realize the autonomous navigation task of quadruped robot. Autonomous obstacle avoidance strat-
egy of the local map for quadruped robot based on the artificial potential field theory is applied, and it realizes the local -
ization and navigation of the quadruped robot for the globally terrain and the local real-time obstacle avoidance. The
experimental results show that the globally localization and path navigation can accurately plan the optima path and
complete the autonomous obstacle avoidance of the local map. The results have demonstrated the effectiveness of the
proposed method and realize the globally and loca field autonomous walking of the quadruped robot. The localization

and navigation method is helpful to improve the navigation capabilities of ground robots.
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Resear ch on Cooper ative Penetration Game Guidance of
Supersonic Missile Group

CHEN Jieqging, SUN Ruisheng, CHEN Wei

(The School of Energy and Power Engineering, Nanjing University of Science and Technology, Nanjing 210094, China)

Abstract: Supersonic missiles have the characteristics of fast flight speed and strong penetration ability. With the
development of the integrated defense system, supersonic missile swarm penetration has great research value and prac-
tical significance. Aiming at the supersonic missile cluster system, a cooperative game guidance law is proposed in this
paper. The idea of minimum turning radius is used in the guidance law to convert the study of missile overload com-
mands into the study of missile maneuver space. In order to ensure that the supersonic missile swarm still has the target
strike capability after penetration and does not collide in the coordinated attack, the target position is incorporated into
the defender’s swarm and the target strike capability and anti-collision functions are introduced in the design of the pay-
off function. The capability function enables the supersonic missile swarm to retain the maneuverability to attack the
target in the game, and to safely penetrate the defense at the same time. Finally, a three-degree-of-freedom high-speed
unmanned aeria vehicle model is used for simulation to verify the effectiveness of the proposed cooperative guidance
law. The cooperative game penetration guidance method proposed in this paper incorporates the target into the game
model, expands the application of matrix game in cooperative penetration field, and is closer to actual application, pro-

viding new research ideas for the research of cooperative penetration guidance..
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F 1 FARBTERE R ARR A
Table1l Attacker and defender'sinitial states

. ;ﬁﬁ 6/(°) wol(®) Vol(mis)  xplkm  yg/km  zp/km
EThH#1 20 0 2500 0 40 15
EThH#2 —20 0 2500 0 40.5 0.5
EH#3 —25 0 2500 0 395 —05
Hr#1 60 0 2000 60 0 —0.1
oy #2 60 0 2000 60 05 0.05
o #3 60 0 2000 60 0.2 0
#4460 0 2000 60 03  —0.01

nr(0)=0.8,7, =0.05, E&EHE R=200 m, &
PR B R,=1000 m., 5 &A1 2% B B 4p 2 s 1] 4y
05s, FEFLNECN 4, T FHNECh 3, M
s AALEh R T 2 i, B R AN
B P AR TR, R B
M) e KL 80k 6 g, WIS Eh 20 g; A
SR ) e K 3 3 g, koK # o 10 g,
X HLUR FH A SR AR R SRR LA R SRS A 5 L3R 2~
% 3) K, Nygm Naam(K=12m=12,3,4) Jy 4

RO PRI AT 2, Ny < 0 F7R 91 117
LB, Ny > 0 7R IR EL ) EALEN, Ny <
0 /R PN IR IAE B ZELE, Ny > 03K
SN R AE AL B . R Al
Sly ={§y1"'§y8} , Slz:{ﬁn"'azs} , Szy={szy1"'
SZyIG} , Szz:{s’zn"'%ne} o

42 fingig

421 FEEGECR I BORNE T 1Y 5L,

MIE 4R LLE Y, TERBHERE R, -7
Y1 T AN KPR U AR (AR R T 0, X REIRAE
T ERAE L B FEZE TR i T A AL TEFERI IR
prie, TlaRE/NT 0, X ULRATE SRR,
7 X5 HRA A BRI S =3 18], $=BUERRE A HL
SPEREIE T F 07 B T AR R, H AR kaE
{ELJE: B T 5 A REAR B0 21 15 2 [ 6 15 O 2R kA T 5
IHLSN , W as I REZ B, 3 17 58 B A= 8 R,
A T IR AT o

MK 5~6 AT LIE M, RBFEES . HART

2 WA mHL S IR A R
Table2 Attacker and defender's longitudinal game strategy sets

RIES nym Ny142 Nue | KRGS N Ny2u2 Ny2i3 Nasa | SRESS Ny2s1 Ny2i2 Ny23 Ny244
Sy _10 0 o | & 20 20 20 20 | S 20 20 20 =20
Sy _10 0 10| S 20 20 20 20 | Spw 20 20  -20 20
Se 10 -10 10 | S 20 20 20 20 | Sy 20 20 20 20
Sy 10 10 10 | Sw 20 20 20 20 | Su 20 20 20 20
Sus 10 10 0 | S 20 20 20 20 | Sy 20 20 20 20
S 10 0 10 | S 20 20 20 20 | Sp 20 20 -20 20
Sy 10 —10 10 Sy -20 20 20 -20 Syy1s 20 20 20 -20
S 10 20 -0 | S -2 20 20 20 | S 20 20 20 20

3 BIBUy LR ] L Bl 25 S s 4R
Table 3 Attacker and defender's lateral game strategy sets

WS Nz141 Nz142 Nz143 WS Nz21 Nz242 Nz243 Nz214 SR Nz Nz242 Nz243 Nz
Sia 3 3 3 Sa —6 —6 —6 —6 S 6 —6 —6 —6
Siz 3 3 -3 Sv —6 —6 —6 6 Soz0 6 —6 —6 6
Siz 3 -3 3 S —6 —6 6 —6 S 6 —6 6 —6
Siza 3 -3 -3 Sou —6 —6 6 6 Sono 6 —6 6 6
Sizs -3 3 3 Sos —6 6 —6 —6 Soas 6 6 —6 —6
Siz -3 3 -3 S —6 6 —6 6 Son4 6 6 —6 6
Siz7 -3 -3 3 S -6 6 6 -6 Sons 6 6 6 -6
Siz -3 -3 -3 Sos —6 6 6 6 Son6 6 6 6 6




o556

WAy DR A% P S R B ) 12 2 s ) S F 71

i 8 7 R Bl R 1 R 7 P9 A i 7 O B 4 A

I RT 0, XRMAFITRMEAER X HArIT
REST GO0 B al LULBGEN 2B, HAR R N JC Rl
Horb, ARSI N R B s (B, 20 i Tk
1T oy, HAEMI I MLBIAE S/ FHh i pL
SHRESMELL T, K- T BL Bl 23 (B /s T 1) 1
HLBhzs (8], P T oA A ol PR M

1.0

05

o0+

-0.5E
| L L L L I

R\ i k (E

ey S d L
s S
S~ N O

.\

tls

Ka ForleasE
Fig. 4 Attacker's payoff value

.04 F
Szt X: 15.54
Y: 0.003485
0 1 1 1 | | ._

0 2 4 6 8 10 12 14 16

t/s
K5 I i o (B0

Fig. 5 Attacker'slongitudinal payoff value

K 7~8 ZHIXOT HHLShE S i<k, thTA
SRS T AR, ISy 1 k3 8
PLENBCR , AW UIHE 4o I HRm A P abl
RSB, IS, X —MRLEK 8 1)
Bl AR L I, B19~10 S A Lk A
ATLVE R, 7RI R, FR07 R

U =
0.5 ¥: 0.001683

1 1 1 1 1 1 1
2 4 6 8 10 12 14 16

N 0.04 —‘_‘_‘_L_h\-\\
] | X:15.54
0.02 ¥ 0.001864

s

K6 FLJyKF i g (B i
Fig. 6 Attacker'slateral payoff value

SEREBOA ) BURETE F 2 s Ol . 7ER 9 ]
IR, RGeS (7) B by s sl s 28 By
RE TSR/ IMEL, DRI AR T T P S 5
#3 AT, HAEE RO E R e A Rl
REJ . G, SIEE T, LUHERRIT S e
SRR Z (B BB R, (A P S 5 AR A [T 1)
R XN TR, WHERE,
FTr 30 T AT AR, LB S VIR B D
P AL AL A2 B0 46 S (AR 48 RHEL R/
FE— TP UK P IE S 2O b2 8, 7R S TR SR AR
Bt — DA, PRI AR, SR
Td N TIT 5 FAr o P T 5 #3 46 il fi
A EBOR, D 1k SR IR R, R
PR A FEA T ek, 5 391 R FH AE A 3 ARAIEST
dr AARRY SRR 20K . NI 8 T LA 3, 7ETHZE
W, BORAEREHIERGT, 407 AR PR B B By
Beo BEEBEE S, BTG B H B PELE)
TETEZERI] , h T8 P S AN H AR AL 2=0
BEr, PRI aa R ALsh 12 H 89847 H H s
W 5 42 AR A A 1) 7 AR DT ) RS 3,
PR A3 e AT T ok, AR T H
P o P T T SAL RS 20 I ) T R A, A
JE AT i BARBY R SRR, BEAT 700w 154
Dl



72 TARGHAR % 4%
10 L5
Sr 10F
S0f
05
_5 -
-10 - R g of
0 2 4 6 8 10 12 14 16
4 05} i
2f -1.0F e
. - - — Pl
S0 1 EEER . ‘ X .
Sk Z10 0 10 20 30 40 50 60 70
x/km
S0 2 4 6 g0 1216 Bl 10 JK-F-miz shik
— BRI —BEESA — BAETI ] Fig. 10 Lateral trajectory
B 7 FRJ7E S KT 3k \ o . o b 14t ok
Fig. 7 Attacker's maximum overload PEI12~13 FreT A ey (B 7 2 Bl = 1
% SERETE KT 0, Bl DAL F 421 WL T
1of 0. XJ&H T8 75 B T 0B 8 1 S ] BE ekt 12 A
= or SO T R 2T AR
—10F
‘ 0.5
20 2 4 6 8 10 12 14 16 %
10 =
J =
£ 0r ’7 f“:
Sl &
10 ‘ ‘ , . ‘ . , 18
0 2 4 6 8 10 12 14 16
s o
[— emmn M — PR — RN | 2 ot
= X:16.93
K8  EUy A R Tk i,: -0.5} ¥: 0.004026
Fig. 8 Defender's maximum overload +4§ ‘ . . ‘ . . ‘ .
45 10 2 4 6 8 10 12 14 16 18
10 — 1 s
i — ) ; e
sl — 3 Bl 11 oy s (E
- = P Fig. 11 Attacker's payoff value
30 £z i
2k - - 1
- = PR
=20 20
150
10 e o 2 4 6 8 10 12 14 16 18
5
51 \‘ 0.5
L | L | L y )
10 0 10 20 30 40 S50 60 70 S ot | |
x/km X:16.93
Bl 9 ghinl Tz sh Pk -0.5 ! ‘ : ! ! 10009334
. 2 4 6 8 10 12 14 16 18
Fig. 9 Longitudinal trajectory
0.15
422 PEGHCR A A S5 T iRk 2 010
AH T R, SR Le B3 5 13 = 0.05 —

N . S v P 0 1 1 1 L 1 1
B T A TE X R 5], iR 0 2 4 6 8 /e 0 12 14 16 18
BT HE Ry, IR 11 WTLLE Y, TERPITE . ,

R RERIR i Vil K12 005 R

AT, FTT R MEAE B TR T T FIE

Fig. 12 Attacker's longitudinal payoff value



o556

WAy DR A% P S R B ) 12 2 s ) S F

0.5

T

Dy,

0 I u
H I_I X:16.93
¥:0.004026

-1 1 1 1 | 1 1 1 1

0 2 4 6 8 10 12 14 16 18

0 _-__:_h‘-l—- L 1 1 1 1

0 2 4 6 8 10 12 14 16 18
t/s

Kl 13 FJ7 K i A (70
Fig. 13 Attacker's lateral payoff value

iy 3 7 A SRR A 1 I AT B AR A AR S
SRR, N AR $E 4 A DI A DL B i
MY 421 A2 (K 14), WA 157
DA, R R O 7R R, L 54
R, FER BTSN, AP AR .
M 16~17 o] LAE H, $AE0A £t i T T
HARorme, JFSentdddTds, (0 T fe
BEPRE, ISTRIAT, 42 AR A P o S S S B HL Bl
FR 1 0 R AR i B T 2 AR AL

10

5 -
2 0

-5 |

0 2 4 6 8 10 12 14 16 18
1fs

— A — AR — AT

Bl 14 35S S oK R A 3
Fig. 14 Attacker's maximum overload

73
20
10
£ 0r
-10
P N
0 2 4 6 8 10 12 14 16 18
6
4L
£ 2r
0
_2 1 1 1 1 1 1 1 1
0o 2 4 6 g8 10 12 14 16 18
t/s
| — eomn P — PR — PR
€15 BT £ R KT i 3
Fig. 15 Defender's maximum overload
45
40 -
35
30
25
g \
> 20 He= S *
— A 2 Y
15 M= @A T3 *%
| [= = )
0 i “\
sH= = AR \
= = PR \
0 1 L I 1 L I [ |
-10 0 10 20 30 40 50 60 70
x/km
K16 Yhia iz Sk
Fig. 16 Longitudinal trajectory
15
— R ]
— A
Lo b — B 3
: = = PEEH
FEE
- = P
0.5 | - -
i -
5 0Fr 3 _-m-= -
_0_5 —
10k
_1'5 1 1 1 1 1 1 1
-10 0 10 20 30 40 50 60 70
x/km
K17 KTz S
Fig. 17 Lateral trgectory



74 TNRGEHA

4%

5 & it

ASSCRIFSE Y H A 51 0] ol s R e —
it T TR REAE B D[R A S A o BT S 9 G
SR B0 AR S IR RO L B RE I 1A SR Y
Wi PR RCAY T BB, NI R AE et Pk
TR A R R B TR % R T R B e HARET
v AE T RIE L ] B Rl A AE g, S LA S AR Y
BLIEH o 07 AL T $22 ) 59 19525 Bl [5] ]
SHAT DU R R P R BARTd e . A
SO P S s AR A 22 X 2 BT T AR B T —Fh
IR 5

2 % X W

[1] Xu B, Shi Z K. An overview on flight dynamics and control ap-
proaches for hypersonic vehiclesJ]. Science China Information
Sciences, 2015, 58(7): 1-19.

[21 MEk, SKERE, 258, 45wl Uk i s i e s 1
B AR AR 2], AL, 2019, 412(4): 47-50.

[3] ZERCK, JEEE, Brh. #uE st Byl sh 5By il S m)
HIPF ISR, SSRGS R, 2005(4): 13-18.

(4] JAMG, kX, EEIsE, % E S Boe B a5
UE[J]. Ye¥RE a5 T, 2015(9): 2645-2655.

(5] FhsFll, A, A, H TR0 5 0 uE 5wl sh %€
BiRfFSE[d). ST 5 T 248, 2010, 30(4): 65-68.

[6] semd, XA, FRKE. CHUT I i L sh 5k i
F[J. AR, 2007(3): 7-11.

[71 k7, WEAR, TR, % ETERAE H MaeiEbrn S
BLBhZER MBI FAL#H], 2010(10): 2289-2294.

(8] WL, THEE, JAET. T Stackelberg HIRMA AT
AN A SRR AT D A Bk [0, EA RSB, 2020,
3(4): 29-41.

(9] NI, Mgms, &35, JET RIS R S HALSI KBy R OF
). K E A, 2014(3): 291-294.

[10] Bafk, ZE00E, B, Z2ICANLOME T EAE 55 0 B0 2R 5K
WEWFFELA. kI 5FR ], 2018, 43(11): 17-23.

[11]

[12]

(13]

[14]

[15]

(16]

[17]

(18]

[19]

[20]

(21]

[22]

TRPLAS, MOSH, oK. SRR RERBIHA M &R
M TR, 2018, 191(5): 1-5.

BB, MR, AR, 55 P20 E B 52858
[ AR Ais 244H, 2016, 37(3): 936-948.

M, HIRR. BiX A2 R P E A S 0F 5.
PSR4 A, 2011, 39(1): 63-67.

TORHE, WA, EIH. A ANUT AN RS R S
B[, TARGHA, 2020, 3(4): 1-9.

RERTE, 22N, FAET, %5 =R A x5 B R 58 i
RG] 25 B TR A SRBIERR ), 2018, 19(4): 83-89.
FN, Hz4r, B, % DIHEE A I S
J7 I 2 B AT AT R SE ). FedETE S 5 B, 2017, 39(2):
55-60.

R, UEEW, BRRE, S5, SOt EZRE RO G AL AR
Xtz HFRAMACL). kO SHa#E4i, 2016(7): 65-70.
FEfL, T, Ak, ZUAVIRIZER R S0 5[], ik
5yt 2011(1): 157-160.

ELE SR, ARICHE, XLE K. SETHLEh IR UCAVY Bk tlLs)
[T, ARG AR, 2020, 3(4): 73-92.

BRATY, MREmE, RS, REAT M deat bt
TR A, 2013.

RRH R, THRIE R R M), i B2 ko it
2015.

Ui, WERIE—HLBh TSk B A% O[] R X,
2006, 22(1): 4-6.

YEE TR

€3 Measim (1996-), %, WM-twrsd, £
VN R S S SR e SRR

¥

ﬁ

G (1978-), B, Wi+, #EF, &
RS 7 1) T T SRR B S HR
ASCGEFER -

Wefh (1987-), B, i+, ml#ER, £
BLRESE 7 18 R SIS SR



9 454 6 ] EANBRGEHEAR Vo4 Nob
2021 4F 11 H Unmanned Systems Technology November 2021

[51AEX] XM, BEX, FEF, 2. —HKEFEHRNERZRMARIT[]. EARESEA, 2021, 4(6): 75-81.

— A E S ESFENERGHERIEI

x4k, @E L, P, FAA
(b sess ) AT R BRI IHIS , I3 100004)

W E: ARG AR AR, K2 R RS K2 (8] B 52 8106 . KA He b kR
PR &5 7] AR AT Z A0 ERIUAE 55, SEUXT K B ARG IS . B SCIBR A0 T AR 56 T K BRI 2 ) PR B
AR DGR 55, AR SR 00T . BB SRME AT T 400, R, EEXT AT A A TR 2 4500 S F 90 Lt ,
SR T ORI B Z T 55 KR, BT —Fh IR ZAT 55 3R 2% 2R 58 AT 55 77 9 I AR, B 6 1T 1 JeK
WEREA . R DUBIE P4k SE . RE, Sl KOR AT S IR RGN DRI 5 S0, A T
MR RGPS BTT, AR CATH . PakE | 2B | PUBHR W%, Ra, M
KEERS . KBARAR L BB L) AR A 55 A TR ST R TR R T, ARSI RSN S
RPN 5B RS SN THUE T 520 T KB ZAT S5 BRI I20 . 80 2% R Ge D he s LUK R G iE
WM AR, A HE O TR S SR A TR IIAT: 55 R A BT VR A B S i T ER it 2 %

KRR KRR ARSI Bl TEBAE; PuBRNE,; Bkt

FESES: V19 SCRRFRIRAD: A X EHS: 2096-5915(2021)06-75-07

DOI: 10.19942/j.issn.2096-5915.2021.6.057

Conceptual Design of A Probe System for the Mars Multitask Exploration

LIU Huawei, TIAN Baiyi, HU Yanqji, LI Weijie
(Beijing Ingtitute of Spacecraft System Engineering, Beijing 100094, China)

Abstract: With the development of on-orbit assembly technology, the design of large-scale space system and its
application in space have been paid more and more attention. The large modular Mars probe will be able to carry out
multiple missions at the same time to achieve a comprehensive exploration of Mars. A logic review is first conducted for
the reported missions for the space exploration around the Mars orbit, and related payloads and orbit strategy are further
investigated. Then, based on the existing research on the modular spacecraft for deep space exploration, main attention
is paid to with the analysis of mission task and potential list of multitask exploration including space condition, and this
paper addresses a probe system for the Mars multitask exploration, including remote sensing detection, detailed survey
of the environment, detailed investigation of the surface, communication relay. Conceptual design is then presented for
the probe system on the function analysis, including main vehicle, TDRS, multitype detector, orbital transfer vehicle.
Detailed orbit strategy is proposed from the orbit to the Mars, orbital acquisition and the final exploration for the detec-
tion and transferring of the module in the multitask exploration system. Those investigations of multitask exploration
plan, analysis of the function and orbit strategy will be favorable for the task plan and development of new probes for
deep space exploration.

Key words: Mars Exploration; Multitask Exploration; Modular; On-orbit Assembly; Orbit Strategy; Electric
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