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Abstract: With the rapid advancement of artificial intelligence and brain science technology, intelligent unmanned
vehicles is becoming the strategic development direction for world powers today, and the research of related scientific
problems are forward-looking, strategic and strong in promotion. This paper first analyzes the development requirements
of unmanned vehicles, based on which several requirement-oriented key problems is put forward, including the perception
and cognition problem of the complex environment and situation, the distributed task decision problem subject to optimal
overall effectiveness, the real-time path planning problem satisfying task requirement, the self-learning control problem
under high uncertainty environment, the fault diagnosis and fault tolerance problem in response to unexpected situation and
the human-machine interaction problem based on human-machine interaction equipment. Then, the current research status
of brain intelligent technology in solving these problems at home and abroad is discussed. Finally, this paper summarizes

the existing problems and presents the prospects in the development of intelligent unmanned vehicles.

Key words: brain-inspired intelligent; unmanned vehicles; intelligent autonomous
Citation: ZHAO Xinyi, ZONG Qun, ZHANG Ruilong, et al. Application of brain-inspired intelligence technology in
unmanned vehicles. Control Theory & Applications, 2019, 36(1): 1 —12

1 3515

UEAEsk, N BEAE & UK R 3ESR: 2011
42, TBMIfIWatson i 2 G575 35 98°47 H 4TI T
NN T, 20165E12 H , 4 8 Deepmind A4k 273t
IR BB AR L4 “ LipNet” LAY (T B
BRI, HEWIZER1K93.4%; 20174E5 F, 458K ¥ Alpha-
Go i1 H AT FEBEH SR 58— K [RAE10H,

Wk H 9 2018—06—07; FH HIH: 2018—12—26.

TI@(EEE . E-mail: 839267975@qq.com; Tel.: +86 18600119153,
AT EREE: .

[E 5% SRR IE AT H (61673294, 61773278, 61573060) % 1.

HhA AlphaGo ZerofE 5 AlphaGo X HTHEAS T 42
MR RIS - - - S N T REAE 5 AT 3L
FRE HANTT, ABAL I I — R U T i i i
PNESINESTi v/ G E

UTAER, 4 [ R 70 2 AT 3 A A v R AL
1 ST 75 B IR 22 2 21 5 R, FFARIR T R AE N
BRETT F ORI R AR 201 14, 32 [ 45 af R v e

Supported by the National Natural Science Foundation of China (61673294, 61773278, 61573060).



2 7w oo 5 MM

36 4

A, BEESARENLE B BAAE S 3 PLasEE
JAEE AP BRI AR 485 20134, 36 1E 5 skt
R, SEERF TN SRR . BEARARZE [l PR AL, FHHY
13 7 EOR S, [F4FE, BRER B sl it&l, BAs @A
ARAPLRFF | R AV ReTHR RS 1A E B
THEBORIERL; 201452 7, B EERINHEA:, $120174F
gt TiEH RS AR SCF A AR 5
AR 20174512 1, Bl B < 4 tRET K, Fif B
LR R R R R ET R 2 B4 2 4RGN | 42 =i
BL, SN PSR L FRERE Ak S RIS B ) I 2R e
1.

AR 2 —MEH B R RS, BT E T
AECE ACTRAMIERR R, BAT RGN 2] HERRA R
FHIIRES). To N RGN REAY 2 I8 I fiy 8 N i 1)
BATHLE, TN R Gt fig i a8 i A W 2 =) 18 A2 AL,
SEPEMG IR DE L AT SRR BRI R SR Th e, BA
5 H & N 2 ) e ), ik B Bk N SRR e
KT
2 TARGKRE TR KR

TN\ RGN BN SE 64T 55 e B A MURe AR
#, AERHE &0 A AR TE SR TR H i
IVE . AR A8 F X AN ], 36 DR C N R 8290 9
TAWLFRSE TN & TN E RS 20114F
127, I B TP ZE L FERQ-170E AHL S
J5 77 Bk & B AE T B, il R s A B shie B
HULE R, o N RGAFAE 5 O 7 #R4% IAE AR IEAh,
BT AR 55 RO R 2, AR 55 XA Wi, A
RGNG ATV S T X X X 2555 24155408, 76
Vit LR S AT L AU A BOR T i 5, 1X00)
ARG K EFRH U FRK:

1) EARGHFE “FHRE”, “BRE”, “G5
NS S E [ 575/ R B T N Y T

2) TN RS EAE 2 FE S h AT REA RN
PR, S B SS BRI ERAE.

3) BANRGHEAET IR T 2248 5E 1) 78 B
1255, B RO HERUIRAL I RE .

4) TANRGTRELENIIMEME 5T, 5A
KL EILR e TS

i BB FE R, A USRI RIS B K
mEEEMEMN R R ARE TN RS LN, BAEdE
HiEE ARG BT, MH A& B FA.
e BRI S RE Ty, AT 2 FIR N FH 75 K. 288K
AFHE2017TH A RS PR T RN THRL
FH AL PR 25 (tensor processing unit, TPU), 55 KPERES]
O ZE T AN T Al s B Oy . S5 1) [T B 3 A0 2 2200 5
SRS OV 5 A SR R H TPUE 38 55 [E 6 N R AR
1 5 RE 7 A1 R e A 7K1 3R 12016455 H il 2

C“HIRM+” NTE R =TSN R |, Pk
HHESN N TR REBORAE TN RGEOUR MRS N, &
JEEN RATE T AMGE L MIES RN . KE
WAET ARG A P i Y 2120255 LA, EA
WU B A SRR RN RE ), SEBl e 4 B AH ).

Zi LA, B N TR EF AR BORIRE A RE, T
NZRGERING R REAL IR TT CLB T BN % [ i )

B FE A AESR I IR - SR AT Sh IR 2
WA S, A A A AT AR, $2 i T 1] |7
PG SRR T b i il

1) BRI 5EBE BRI S AR R %5 &
TNRGITAIA G R 2 S 2R, WA fE 2t
AR ATEOL T, XA 5 2535 Bt AT HERA IR0
H A BRI B R R —.

2) B RETAUHI AT BN R 2R
JEAESS BRI EE  F AR B LI S LA
A NE, Ao DARERRLRE SR MUY RN AT A TN
ARG BN RIS AR R A S P R —.

3) T A 5% /5 SR KR AR S FLR I AR S0 5
I SRR BUE B, AT EN L BT IR A BRSO
SRR MR 2 4 BRI ) e DLBR AR, $ v T4 (1 i R
PES TN RGN R AL R AR R K OB Rl 2 —.

4) 25 RS AN E PR B 2 S R 1) L TR
SIS E S A ENE, W AH B> 58

I8 SV AE T HRIEE B H AR I 58 AT 55 2 A A R
s i)l —.

5) ROXHEFYIE DL bR 2 b J 2 ) 25
TN RGAEPATAE S AR A 0, A 2%
BREROR SO MR 2 5 R BORSE &, SRmTEAN
RGPS B BRE ST B A A ok (1 DG BE AL

6) T AMLE I ANIAS B B4 TEN
RGFAMENA L, HETSPATEATE NI W
e, ana A B AN D SEAALAE B iR A
I ] 2 — .

3 EARGRME ALt FEIR

TN THE 2 b3 S ) 8 1) ] P A/MBIE 1 ik
1T AR,

3.1 BHFRHEEERE BB AR E

VERTENZR G “HREE” , S ) R AT 7T
— ARG TR AR —, LI LN TR G
FRIEVH EH AL S o A e, Yr 2 36 T N T3
BETRDB M SRk SR B R 78 JE N e R 40 b KT
¥. % B 38 201747 B #k #E 57 30 [ Maven 3 H
TH I FH WL 28 27 =) R0 20 8 e B AR R Wip B 43 Bt 1 G
AN E R R 5 7k, 4K ) TensorFlow 2 fig R



1

BARAASE: RINE RERARTETE AN RS LN 3

GURAE A e BOZAE . BT, F TSR 2
R R R SR TR B 2 o) AR R 42 I 2 A
SRR A BRI, 3 B 28 I 4% 455 7 (convolutional
neural networks, CNN)/&—Fh% ] >k ab 2 P45 56 14
[RIIRBEMZ2 I 2, HaE A an & 1 .

2012 4, 3% [H Facebook A T % fiE S 56 = 1 Ross
Girshick S5 4 Hy 7 & T X 35k 19 46 L 45171 (region-
based convolutional neural networks, RCNN), ¥ £ il

MR |
}\E Lee————————

K1 BRI 4
Fig. 1 The structure of CNN

H i, CNNAA 2z H T B A R4 1) B AR iR
AR5 10121 35350 0y AT 25 13- 1STRI [ 20 5 v 5 1l I
##(simultaneous localization and mapping, SLAM){T:
45126300 Bt H AR IR BT S, BBt it Fuka o2 %
TF—ANE B A SRR H bR 2868 77 [ CNNAS
Y0121 3 [ 48 5 5% 7 K %% Amir Ghaderi %519k H

B 22 271 R I ZRONNAE R 28 (4R S I
SRFEA D, B R R H R B I TR N H R BT, BB
B B AT (8 A S TR B B T CNNIR 241555 2
TR T E 2728 Gk R i e B Ak ) K B s
NP DU BTE = e N L P SR NN E S SEZ PSS
TECNNAEAY rh 1 0t T MR AR i 2 ik DL A B
FRAEA S5, DL R A T 12 o0t BRI R R AR e
JIU PR N2 % JE W TF UK 241 dgata Lapedriza
SR, TEANUEE N R RS 1 G A5 BT
DU T ZR B CNNARE Y A TR ISR By ik 22
N T8 B 75 BT Alessandro GiustiZE!8145¢ 11 7
—4~10 JZ CNN W £ 4% Parrot AR. DronU jié ¥ 76 A
PIHLE ARG IR AR AN TE BUR 7 32K (EAT e
B S AT, RFINE R JE K2 ) Calvin Hung 21914}
XT 2 e o A LB M EUE, A T — AN e E
G A HEAT JC B A 50, SRR S BE RN ZZ 1) 732K
5 [ 52 47 ¥E K % ) Steven W. ChenZ5 120 ] %5
PR IR B (1) 7 VEFE FRIR B 57 > WX 28, KT AAes B84 1) SR
SEHEAT ST T IE RS IAT RAE SE P R H Alex-
net CNNZERY221, 540 Bl 6 11 1) UG AL 1 75 720 A%
RERS AT R MU AN T E. eAb, VRS I AR IR R S
R U IS T BRSO, anh IR LA A

R FEAAER AR T T — 2R, HT 2016543 —2
i HHRCNN#E B il Faster-RCNNIBI 215 5 A6 I 1 7Y
ARG XA B RFIESREL. 7025, 5 RSt
— B ANERE S I HESE B A K MR T T 1B AT,
B A TE B g2 A M. 2017 4, % BB iE — 2B 1R
YOLO(you only look once), E#:44 H Al k.21
(=159, R — 5K B R 75 30 BT 8 2800, Wik 21 7 5k
ARSI () B .

SER)Z

S8 % ) Hangeun Kim 251 235% FJCNNS LR HiK
HIFRE. BEHTRHT 2 RS2 Nikolai SR Jo ALK
R EMG A B T 22 m e 4. A, TR 5 SRR Al
T8 AWLE A RiE AT 3h DL S M 2 - R AT
S R FE 2 5 U7 IEAESLAMIF U NINIEZ 3, 61
MK % Alex Kendall 51261 g S 40108 FE 2% ST FISLAM &S
&, $EH T PoseNet 45556 H H EEAHALIR 13 113% 54
1T L. NS K 4E 2 R K % Kwang Moo Yig!?"!
$& HLIFT(learned invariant feature transform) /7 v2, il
TR 2 2] it MG B REAE ST 2 ) S L.
% [ Magic Leap 2 7] 1] Daniel DeTone%$28 142 Hi T
— P TR 2 S R s A FR B S DL RE 7 V2. 28
T MK 2E 4 5 F 43 B Tinghui ZhouZ5291% B
ASCNNRAG TR — il (1 7R FE AN A B 7 [ 55 2 PR K
¥ Keisuke TatenoZ B0 FICNNI 2% 15 1% B DL J%
UGB 1, A ik BAE S S .

T NE R RGN A FHE B HPAFR RS A HTH %)
(RS (E EX T —ZI A7 B0 5 V4. Boelkel®!!
TER— A SR BRI 1 R S A TS, LB R
SR SR A N B2 I TR B 2 3] A B A BT A 3t
1T TR MRE, JR a4 T REC RN R T
ST E SITE, B “PREE RS2 B BIPF
RIS 1) E E5Bh LR R 55 AlphaGoP3 Kk 5E
IRBES I BT, AR 7 NSEI “ B ” BUBFIK R
e N 12 s S S R i o s 18 L i
LRI RF AR EBR T — i 45 2 Dl
WA 28 AT FIE RS PEAS 1951, TN DT 3+
LEAT R IR BT A AL, EE TS, DasZ IR A



4 7w oo 5 MM

36 4

LI 3577 ) 8% P15 0 RN Pl R 3 M, AN AT BAKY
1 E A BT RV, 10 BT DAVl S R RAT 55
SN ORI E A [N | B TR X (ol A AN 3 ]
FamushZ5 B0t —Fl s & IR sh &R A Al T h
45, 1l o UL R 2% I SR TR S AR
THEE, A5 2 AR S AR,
3.2 BARFRR S AL I 5 A AR 55 ok 7] R

R LA R, BTN RGEWAESS K E
B0y R A A AP R s 7 2. R E S E
FEFRH, TARGEME] H COXAE S AT SR HI T,
R 268 DUt st R RO R R 5, AT ULTE N RS
NELLE V. EX TN RG-S
W, M FEARFRE K22 A LuoZE BT T — Mot 1 43
A AAA LR, Bbrd 2 2 R (E Y N AL B LS
N B 2R T 0L, Mg T SR I N RS P 38 ) . 5
E SRR TR I Lee S5 B8 HE— 3D 41 X6 W 552
BRI Z ML NMESS SR R, S8 H T — PP TR
153 A N2 Bk, M R i A N s ik, B
AP PATAE S, HIHFETIRE D

H T 2 o N\ RGAE 58 AR BRAT 25 1, AN AT dkt
FEWESEHRAR. BIILHZRR eI 2 TN RS
(R HE AT 25 W3R 1) iR A7 AE — 2 1T ). Dl e 2 5
IR K541 Antonios Tsourdos 573 Hil 2 HJ: T 4 =
SRR 53T T RBLHREE O SR LA AN R AT
BTk, FEB PR EVEEISGER E S R
HATRTEG, 7 L SRIR R B R T 2 = R AR B e AT
25 3 BL T RSSO FE B AR, Tk T B AR R R A R e
{E55 53 BL 5 VEAE AR TR IR o] ™ R T B LA
411

FRER|MA ML Sumiy )G R& A I
Re 0, AT LB/ N LTS 5, AT A B fE 4
SJU31 I rp i Ak 2 3] SE R s B E IR R, 4%
X, E RN R 2 T S W SR A i b 5
SR T — R A T 2 A Y FEAE 5 7 B K i 1 ok
W, T NLRIE T 7R 2 2 BA TR H 75 2808
B 38 5 R B0 AT . B 2K DUUR g 2 AR K 2%
ffJFlavio Tonidandel Z5E &5 L 2% A SR s b 28
(3R 03 A 870 B In) ARt — PP T T AL 5 R K
IR S 2L NS DR, PEIEF S
185 LK 22 ) Javier de LopeZF 6471 4x il H 73T H
Pyl NS e A R a0 = 7 R S e =0 2 9 b N
W J57 58] L S92 RN TSR A (PO s PR BV, ik T
EZ IR INE RN AR

TR FIAE ) SR BB AT 55 20 ) i, A8 UK 2
R PN AT A S AR b i B AL, R
FIEEFEI P 7E A8 36 [ R 48 3 T K2 ¥ Jonathan
P. How S5O T8 it 47 N — b B B AT 5549
BC A VESEE T AN EME S X381 2 E AN A R 5

ok, BRI SHR R BT PRS0 Uit — e
TUEEAL BRI B B H AT, ik T 2 TN
(MR 2R -l A 25 Ak ).

ik [GE A
At Rt SL

B2 s SR

Fig. 2 The illustration of reinforcement learning

3.3 THFMESS 7 K B BR AR SE T AR ) R

YECVPR2016°K 2> |-, Mobileye 1] Bt & €1 45 N K
CTO Amnon Shashuax % T &1 5 68 H ) 2 I = /8
(VB T, 48 H TG N ZE A0 ) 25 B SRS 75 B FR AR IR
S HABZEIRAT A, H4a R B s A 2]l FH SR Al v
X — ] R AR, e AR, VR B B A S 2 7 VIR v LUK
FE G IR IR FIE A 26 ik SR AL N ZE Tl g,
SEIUMLET S IR PR AR L B SER BR AR R0, PR Mg
PRI FEN N T8 N R GE IR B AR K i) 2
.

5 [H NASA == F| 5 58 0 9 TF L L AR )T Loc
TranZ50U D5 77 51 H §T 8 58k /N T e e\
B SR — P s T HR AR Rl & IR B2 2 S B/,
SEL AR SRR ELIAE R I B Jk R, IR Ak
KA BAB?! 3T 25 B Deepmind $2 Hi ) 22 2672 A3C 5
EBE S G B RS TR I 2P L 28 N, R
PLSEH N H R H 28 B AR s g4, e R
S e RS BB E. HAR SE TR B AR YR E NI
AT VNG, 01512505 BP0 X 2832 A0 Dy R B 5. i
[ 4iE tH K 2 1 Shin-Dug Kim &5 40K Q2 2] HES ]
T = N B IR 1 TE AU B R RS 47) B2 % 12 LK)
I R, SIE56 3R B Z5R 5 Q2 2] BEAAE Bk I [8] AR
FA B TR A HDit-Yan Yeung2: SO0
SE T SRS A6 5 7% (deep deterministic policy gradient,
DDPG)STHFMEITE AN IR Z, It 5 PIDFE
et R oy 245 Sl B bR EREAT 55, FETE S PR
HASBIIGE. [RIFEREOX — 45 i 45 74 1R A 0 5
F K Riccardo PolvaraZi: P81 A AT PR IR FE Q.
VS PIDYE Il 88 25 A F T IR AMLIK 53 b ) 8
Hh BTN 3 R A B T OK % 1Y) Nursultan Imanberdiyev
S L600Y BT R 1) 5K, 2 >) 595 — TEXPLORE!®!
FHF S BRI R ) T AN LS AR B 1] i, 3% — T vk
WEG T G AR R B A A ) T A e A AE Y SR AT



%1 BRI RN e

BARIETNZR G LIS 5

AL i, R 5P AT R AL
7 TEXPLORESVEAFAE I S PR 22 1) ] L

EFXE 2 T0 N RS R ER AR FIKI 1) R, JRRAE HE AR
ff)Jonathan P. HowZ5 (6211 HH 3 T FE V2 3] f 2 4L
T NIBE PR S, (AL N RE O (N Ik L A8 SR EL 4R
BUE B S B R, Poidt e 4t 20A H Az s, AhA]
B R AT AT NI, (BRI N RERE H K
FFEAT NN AT HER 2. 1H B3R TAE KRS8 A
S BNFFE— E FIRLU, BPHLAS NAERR E 5 B AR,
TS ABITHLAS N S AT 3 FEAE AL [A] N PRFFAE. 75
VI KR A S O T — Pl T SR o 5 5
TR Z LA N BRI EE SRS, K 23 5 2 M Bl
SRMESR, (I 25 AR R SR B A 1R U vz Ak 1)
HE.
34 FEEAHEARN E 26 H 5

BEFZE e B B R AR Sz — e B
H22 2 eI g )t as e — M E RN LT,
REMEIE I [ 3227 o0 08 2 TR 42 1) R ) s il i 166681,
FLRAPNRE L — R RE AR T PR B2 & 4
i a SRR HERE NS REIT A K
HEIOST SRR 2 3] T vEASARUIG 1 2 ST WL, RN T
TifE 5, mIAE SRR B R T2 2], el
T BB A [F] 4 i PR PR I RS SR B B
O B s 1 SR, AT SE B4 2 AL, A B TR
4 1) 1 R OO0 IR s Ak S S M AR O — i
135 ) T RO AR NS PR R AR R AN S )
BB R IAL60 7374 52 455 . Facebook K 25
W2 AN T ERR.

EEXTTIEN RG2S n) s, S5 ] - oK 2
(1) William Koch %5 7SVRE V4 B iff 5 1 SRS BAFE . BRI
FEMSAR A5 30 vty SRS AL A 3P R FE oAb 2 ST SR
23 [PIDSRE AT LLxy, SEER R A FE S PR L DY e 32
GEAS T 7 PR o AT i SR W AR A B V2 AE A
B BRI TR R R R 1R 22 T T T Ho At 3 Fh s i) SRk
A K I 5 R S OV AT T IR R T
IR W AL A 1) R, JE I s A2 2] BB Bk
flivh B Pt g 3 h 280, A A 11|
Jr iR SR ) 1) R B XS TE N R G e s s )
F, Ao 2= ES A M 4 /I 4 ) Stefan Willis 25771 H
— P T B SR AR R R S BRI TR
BRAERINE 1500/ IMT R 07 B AL S5 A
FE L K2 Kamran Turkoglu 258K Q2 2] Bk
F #INASA SPHERES T & £ 45 ] /i v, {3 F Mt 13
200 A ) BISRFNIAIR T (1) oA AL 4 i SRS XS TG
N F G5 1 R 4 o) i) R, 5 1 A v R R J7 3 A K 2
[fJPieter Abbeelfll Andrew Ngl9-801 i Hh L F- 241 54 5]
FEAL: > ) Sens, B IE I 2 ) 2 AR 5E L1
WLBERSEIL T B AU R AT B LI IR

P T 22 B ) Jemin HwangboZ5 B H —Fh#7 1) Actor-
criticfESE N IR EE sl 2% 2 Bk, SEIUE —WIaa 551
NINMUEEAE i BRER ) IE R A AR 1 S 20
S HRFE S DDPGHIZM S &, SKIMAHE LT
(7K WL N S B R R BR A ). P b Tl K521
FE IR GBI — 0 N F HEE K T HLAS A B
R, B H Mo A 2 = TR R 2 ) g A 1
%, KL T AN BRSO E S d R
Ze sz R I PR R . ORI (1) Aleksandra
Faust58 4 58405 2] 77 H T B R S 1 AL
Fas il ] R (84861 epr | 53823 T A AVL3 B4 ] il R AH L,
TN B RGO AT R PR R B
BT TEN R GEAE AR FEREE T ARk % ] 2, 3% (541
5L R K 2 I Sergey Levine %5874 H —Fk T AN 2
TSR PR R B2 R A 2 ) 7 0k, 3 I 0 Al 2 AE 23R ) ik o
FEAFHLES AL DS A BRI ORFF B,
BARIZ AT I, ek INIE T 1Y P . [RIRE AN T AL
A B B, AT RS T —Fh T ] 3 R
P EEBS R DA F ) 25 e A R B AT
5 2], SEAT LIRS TR DU e 3 e A LA e 4 o). rh
FHBE B 34k T 1) 8 5% SO th — i B 1 i A B2
JE—FE A% I 5 AL 7 2] 5092 S I TG N L ) 2 o 4 ol
AR I T 7k P AREEPOSR FI DQN B UK T
0 N ) s ) [ R, AR PEASG M5 S H A A it

XFIE NHLPIEE RS 0] 85, 2 H—FP I T-CNNAIR /R 238
W) 2 AT D BV IR IR IS M5 B, FE 4 Actor-
criticHEZE 55 4% [m) FE 4 28 X 2% 45 & S Te AL i 48
Pl

SCHR [92-93 K s AL 22 ) BVE FH B RN R A HIEE
ez, sk 2 X E H %P Shao-Ming Hung %%
N2 B SE AT ISR, TE T A4 H B A
s NBEHLTHE, SR QY 21 ks AR A AT LER
5N B9 2 o AL ). 35 B A2k K22 1 Xu
Hao%5 N\ O3t — Dt S A BRI 7] R, [RES 5 58 T 4%
JERER T S | A8 5 PAT 2% 2 [R5 ) A 1y ] R, 42
H T — P T Actor-criticsR b 5% 2 SVE A BRI 805
PLEETEE - 25 P R T 7 k.

BAh, sRALEE ) VAT I B IS LB A BRI T VAR
ARG R ez p 2 EZER/ER. £E
5% 1 K 2% ¥ Frank L. Lewis[#1BA « AR Jb K2 1458 R AG
Bt L SRALEETBA T b K 24 i 1 2R [ BA - 41
2R 2 T B 1 2~ T BA DA S B R K 2 ) AR 7K i
FHBAEIX — USRS T — R VI T R SR 041050,

P AN BRI 9 22 AT R oAt v = e N
R se k. 3 B 9 37 342 K% ) Nicholas Ernest
K FH I8E AL RO AR B vk B I ALR B R 4 —
ALPHAM®! 78 —17, 2 A RATRIN, T T 2



6 7w oo 5 MM

436 %

IBRMIATE E S E B mF RS 5 B a7
IR STHE LA HH —F S SR F) 5 R o A IR S S
7870 75 W 8 R A A5 0 T SR BhEe A s il s NIk 3|
A, AL B TR R AR T AN S TE
NZEH R 6 N RS de H— o T AN F 3 [F]
P M (1 3 5. AL AT E R i AR 10T
SLIETERE TG B IE AR ERL, I LR AT
THHERFTNE IR LT & 0 5RO
ARAT Ut R 25 > B 2 o) SR 8 L R T
TN R G s Az ] e b BSOS MR R R B
MR L S B SR B O VRS A S 2 B
BRI G B4 Joy B4

3.5 RO ETRIE B iR 12 i S 25 ]

% [H fh ' 5Lk [E Br K % 1] Alireza Abbaspour
SEUBIERSE 75 H B IWVU YE-2270 AL 42
— PR TR IR R A 4R I 2% TR A 2R B R 2
T3, 18IS 28 B S HUIE SR RG IR BN 8% A
A IR AR R AT SR W i B LR K 2 B R
SRS T42 () FE A 2R I 45 4 HE — b T S A e
HIARE, AU T KBNS SR 2 T K = B B BT L
PREFAR ) o). TR S RN IR 22 R S5 0 2
AT AR 20, SEBRENEC s 16 23 SR BTt Pk
TER RS T B TR ATUtstc A 1R K F S i i s 1o-11e, S
NASA 155 4 3t 5256 = 1) Kyle Hundman%5! 714}
X PR A R WU 1) 22 A% 5 Ik ) 7 41 5080, SR PR B K R
SCAZ 33 VA P 25 10X 2 S 3% S 700 PR v TR A2 e,
X — BRI R 22 S0 00 % BRI 28 1 e E AR TR A
B TIGUE. 73 7 TR RS R 2T A5 X TE AL
UK &8 SRR T T TR FE E sh g b 2% 1) 2 B A
BRI R, L ARBHER S Bl 22 A O e T —
Tt T VR G R AR AR R 2 2 21 1) T AN LA I 2 i
W2, B S L I B AR T VR AN [F A
TSR 22 5 5 e A B IS 55 SR 5
s AR 28 [ 28 SR A TR AR B AR A, SEIRTE AMLAL %
IR . B R R R 1) E AR A 20
TIRFEAG &M MR R & 5%, 32 7 — P 2L
TRAPUFRERL A S W7, Je R IR EEE &M 242

HUVERE 220 rb 1 BRBURAIE, 15 H Mo R B B
JE R 2 IR R o 2R A5 AT USRI 19 BIHERA 12
W&t S AT 45 A A = U 21 IE SR i
R4 LR R G2 W 1), ST 1 25 E Bh g bD
a5 I R BLIR A B (IR LA Z N 2 5240, S8 T
B2 W A E 1R A H A UM Tk R
Huimin Lo \U22VEH00 T8 AL FB LR LRI & 4t F1
R S EE S AR BRE IR B, SEl T e/ AL
FIT I BH AR SRR B I ZR AL R HIM G AL
SENBIHL T SR AN G N VERT T T 3 T HdE
i B 2 i ) L. 55 [ 8 2K [ 37K 52 U Donghae Kim
SN H Q% 2 A SEIL T Wb 1L T F/A-18177
I NN e P82 22~ Aa AT IR 42 1 1)
T
3.6 FET ANLE: O ANLAS B A 8
TANRGENIMER B R 5T, TEEAE
P 3 [F) 8 AT 55 AHILAE L o) AR g — A3 TR
FUAER, AT T AT A N S LA ST L & RE R
HghU21 AHLAE B AT LA 7E 5] B (man-in-loop)
P18, AT AHLP R R 48 AL, i $id i PTIR %
SRIGERYT B ZRROR. TN R RGBT AA
SEI6 A e T TR A wh st A 05 50 AT DO AT
S AL I AR AT BN PA, AT 7835 R80T 2
weit, gaRiIT R, I BATLITF R AR, 2016 4F, 3£
75 15 R AIE 72 11 %) B (defense advanced research
projects agency, DARPA)#& H 1#E BUME e AL FE 5 e
(offensive swarm-enabled tactics, OFFSET) i H [126],
BT IG ORI S« REANIN S A AR AR AL T34 fib il
e B A5, R AT DA AT ) TR AR 4, T
F A 2 S 1007 F5 A LA 8 N Ml T 4 7E2 /0N I A
FEANIR T AT X VR L. DARPAST 5 LA RR 7 b A FEA,
M IUA SRR AR e, B 5 SE M 1E B 5
TR S ARME N R A H, 15 BRI AR
HIT AN RS, 8 A EENAER T & R, 52
AN EAARR T EZFBog R AN DT A
PLAE B B an BB s,

5‘ VRAH. EEACH.
e S
FHALH AN

= =
o ™ -

- Al

TP PN

K3 AP E

Fig. 3 Human computer interaction



1

BARAASE: RINE RERARTETE AN RS LN 7

H T, AW Hs % FEAHE: 14 4R (brain
computer interface, BCI). & IR . FH Il
A PL A R 48 B0 52 7 R (virtual realit, VR). BCIAZ i i
NFR I B o N RE AT AR $E 4, H3R
N KIS 5 1 B F Brz — =& 58Tk f B elec-
troencephalography, EEG) ) JE4Z A 2 H R AE T B
EF S AL LK 2~ George K. KaravasZ: 127Uk His 435
FT 7K B AR AT i H I 7 s e i T 1 1 HH T AL
AR L% ] R G IE K i B m s
PAU28138 1 SSVEP (steady state visually evoked poten-
tials)BE AR, X 264> HE 150 E AN [F] 28 1 TR R, K FH i
RUAA ST M LT 0 2R, SEBRIA LR REFT 78,
AR ABATTR IR BE AL AR J, ] DUIE IS 3 AR SR oK
BEEE RN AR < R ERR” U2) SR TR
S 2R 378 17 [ A0 1 45 4 P300FISSVEPH: A %t
R AT, (AR RS B 04R A SIRT JE e
[RiE 3. RERF AR B ARG ) “pp T 57 13n]
DLHS Bl rh XU Tl AR R A LR S B B AT RR R
PEIZE. R RHOR B ESCR P300S AR BT —Fh
DUFHN T U3, B TF R 22 Bl A USSR —Fh
AT HHEEAR S AR 5 T EALRR T, LB R 4500
o JEIR AT BIEATT B S ERAE ).

B, FRABHIEARLL L VRECR[FIFEAR
I BN ARG N o RS B ) 5 e sk s .
DARPAFJOFFSETH H 21 T I K —Fh T i =g
FARM RN JEVREE CEAR, ik—AH P AL
EHIEEATTANEE. BN AR HHTC Vive i1
WA —X 8 S B, 2 50 AVUERAER
(RS PR, IS VREE 1 S 2 MBI D RE: Wnifd®
MR AR I AP BOAT 55, A HL A% B 3R X 8, 8L
e AL A e : S Anfs A VRIA S 1 H 457 0 223 [X
G, SR F IR T ANLTEAZAESS, e RATE &
i A I 22 X 38 R R 5 SR A S % R I VRER
TERA NI NG A BITR AR S 5%, B HE R R
FEORSZIL T R ANLEIRE 5 v, T T3
FEHIFARSLIL T BRI AMIAT o H AR EL.

4 AELERIFSUR R R B

M ERIBIR AT, TN RGN Rt Of 1
W13k e 5 AH B I T R, IEAEAE — SE AN SE 3 A
W A i R T ), A e — D IR AT B TR R B
FEATE T | A STAR 8 R A R B A R DA SR RAE
(e SERIOLTIS Wl R

1) BRMEERHE BRI S E: A
1R 20 B BE R R L BN TN R G K PR R A
JASFINEN ) . SR S I B RS 2R,
AR AN TN R G E)AL B AR AT HE LASREX
JEREFIERR A EEAE S U3, DR, N A Z LR B
ILEH5H AN, BEE KRSE w7 iR, RZ

TEINUIESS RN R SR AL 78 50 KRS, Z TN R
S 1 P 1R e BN S A0 ) RS i Bk 2 BN &R
GARMEAT 5575 5K, FIHFEEZ E AL RS #AT I 27
6 2 PRBE KA 43 0T il R 3 [n] RSO [R] i,
N T B BRI N o AN USRI PR A S AR 1
M EErE, IF BAE 2 6 ANLR A H IR, FIH
IR REFAAR D22 o AWM EV AT L A8 ]
D eSS eSS IS DS S W [ B

2) BERAURERALH) AT B Y R H AT
128 PSR T7 32 32 BN B Tl D s SR AF T IR AS
e [ fEUST-1381 PR SRR AR, BT AT S RS IR 43
A K ] BEAEAE IR HUAT A, PSR ISS B At ) 34
55 BB EAMER. S2a BB REMES
AHENE TN RGN IMES SRR, 17T
NZGihets UL A AL, o ik(E Bt S A E
PR RS2, A A 5 2k e I ) B 3 2R i S
R, ARIRHT 55 75 5k R AR O, A2 — Bk
PE BRI 5T 38 540, BhDeepmind TR B E2 EL A
FITE LSS 2O R AL R 2 R R R R AL 2 o
R T R bR 8 AT 55 rh, LR B S i
FEBNA IS S B 277 S/ MR I BT B oK i
15i. OpenAI $ Hi — il 22 8 BE A4 1 & 1 52 g A 5 5
VRO S AR PP BT 1 7 A R A B
H R ), FEBNAIEE H SEEL R Re P [F] & A S o0t
Pt, XX AN AR R Re R B B KA.

3) TR 25 75 SR A R AR SIS FR vl L B0 2R
ok 4 R B A9 K R 2 B N AN BN R e, AR
e ) FH A BIR B ATL 28k B U P A A R Kl 4 B
7R, AR (BN R G LR A i 2Bl (2017-
2042)) M4OTA] DU H, SEBFR R A RGN R JE DR
bR, HOige Al R AR R TRk A
IREEAL AT LA 24t A 2 5 — e NP & o ik 58 i)
RS B AT 55 XA BN RGN £,
FERAT IR R AN B A8 B, BRI 17 400 1) R A
PRLEG, T AT REAR A AT 55 75 3K, 25 e 8 vh HoAth T
ARG AR TIRS SHEUE B, A R E B
()26 ™ TR AT A B2 4 1 P R B AR LR 2 1% 07
] {2 FE R 34621, Sk (143l 2 — R T K
1t 1Z(long short-term memory, LSTM)1] % F& 5 4, %
21T79, AENLAR N 2 I OL T, TR Rl
LS N B AT R, ARHE R ALES NI s TR
HHATAE LR

4) FIEEAE G 5 5 ) 1] i R
A BRI BEHROR BE0E 8 I 2% ST B REGE A 0 ) Ak
FEAEE DA S S BRI € 1) I, {HRAE 5 2] i 7R
WK E STER A B AR AR, XK
RIGI0EE ST 8AR, PRAZEARAE LB TR R .
WER TN R GERERE A 55 NI 5Bk “ 26— =" e



8 7w oo 5 MM

36 4

73, T /D 5 v o S A AR B 0] SR A TR X 2 A A A T
SEOBT, AN 27 I AR 25 MU, it P DA PR i B R R AT 55
58 32BN SRS T R R R TR FE T
¥ >](deep meta learning, DML)T T — L & LK
BIF E, SCHIR (14414611 Fi 2 Y71 e 2 ) 4% 2 LAAE )
2208, 5 > WV S PR 58 T AT 5%, W DASE AR ) R 1)
gtk — € 3 K.

5) RO EFUH IR O0 A i b2 Wr S A ) R I
TSI R e B w2 W VR R 0 N SR AR 2T R
SR B A EETE BT, 1E TR S
oL, SRR 245 00N, KEBE 2 A brid, B F3s
18T 5, T B AR O K& N Jy (9 G Ta) R 1
ey 471481 R b, A ] A SRR 12 1 iR s 25000 P B B
BEARFAE, I HEAT AR RS 29 2 AE A IR AR DS AT 52 77
(e U471 art, SCRR [ 14919 H R G M B ARRAGE 2 =) U
AR IR T ORI, Ak, BT AR
B2 W7 V0 T AR AN 78 2 0 R 4, KSR AR
L R FRBEAT 2 W, 12 W0 2 5 JR R 58
FNEARR. ZEH N, WU R IRE Tk 5%
KRG, NG ARG BIREE 22 2] ki
BERATTAT B B2 Wi 7 2150 Bl sCk (15142
A B 21 U7, R AR E AR A A E 4R
5/ BT R IR AR B 3047 7 2.

6) FET AN AN B IS HAieE S
HOE I 54 3 R FH S Bz i LRSI, SRAE R 2% R A 5%
HHER UG HLAE T AR TR . R, 125
Wi HAE S ERE L, RATREZ IR A MG SR AR
FERIFF T U A, 5E & BRI ANLAE BT
FEREE MU AL A% B DR At Hb IR\ T = . TR,
EBCIHA L G E HAMEAR . FRAEHHA L VREL
RETANRGHERG SN, BHEEBCL E &R
5 22 Te A I AATLAE B BB SN 7 (PR 1 17
NZRGRBIRAHAM AN RGRATE, AN RS
SO AT N B &, K2 B ANIAS A2
—AMEFRAW T 7 15271930,

5 HiRiE

TN RGN Ge bt 72— & THaR MR
W AT N RGE K ER T RANT, 04 7 BN
RGN R AT T O o L, e 3K 2 i) @A 2
TR R ARE TN RS ERIR R, A&
R IR I AT T HR, 48 TN RGN REAL 1)
BE— BT ). RN RE R R 5 N R G RIEK
JEIA R, TERE TGN R G020 et A 7t AR X HE
BN E R T e AN E By ) & i@ e R oy B 2

1)=9'8

SE3Hk:

[1] PU Muming, XU Bo, TAN Tieniu. Brain science and brain-inspired
intelligence technology—an overview. Bulletin of Chinese Academy

[2]

[3]

[4]

[5]

[6]

[7]

[8]

[9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

of Sciences, 2016, 31(7): 725 - 736.

GRS, ARIE, WK, IRk 5RMET SO, th ERRERE R T,
2016, 31(7): 725 - 736.)

ZENG Yi, LIU Chenglin, TAN Tieniu. Retrospect and outlook of
brain-inpired intelligence research. Chinese Journal of Computers,
2016, 1(1): 212 —222.

(B, X Rpk, Rk A, SRR RERIT FC R RIS FR B THEEHL AR,
2016, 1(1): 212 -222.)

XU Bo, LIU Chenglin, ZENG Yi. Research status and developments
of brain-inspired intelligence. Bulletin of Chinese Academy of Sci-
ences, 2016, 31(7): 793 — 802.

(R, XUk, 5. FTE Bet FUIUIR 5 R R . b R
BeFl, 2016, 31(7): 793 — 802.)

CAMBONE A S, KRIEG J K, PACE P, et al. Unmanned Aircraft
Systems Roadmap 2005-2030. US: Office of the Secretary of De-
fense. 2005.

SHU Z, JIA Q, LI X, et al. An ooda loop-based function network
modeling and simulation evaluation method for combat system-of-
systems. Theory, Methodology, Tools and Applications for Modeling
and Simulation of Complex Systems. Singapore: Springer, 2016: 393
—402.

LECUN Y, BENGIO Y, HINTON G. Deep learning. Nature, 2015,
521(7553): 436 — 444.

GIRSHICK R, DONAHUE J, DARREL T, et al. Rich feature hi-
erarchies for accurate object detection and semantic segmentation.
Proceedings of the IEEE Conference on Computer Vision and Pat-
tern Recognition. Columbus: IEEE, 2014: 580 — 587.

REN S, HE K, GIRSHICK R, et al. Faster R-CNN: towards real-
time object detection with region proposal networks. Advances in
Neural Information Processing Systems 28. Montreal: Springer,
2015: 91 -99.

REDMON J, DIVVALA S, GIRSHICK R, et al. You only look once:
unified, real-time object detection. Proceedings of the IEEE Confer-
ence on Computer Vision and Pattern Recognition. Lasvegas: IEEE,
2016: 779 — 788.

GIRSHICK R, DONAHUE J, DARREL T, et al. Rich feature hi-
erarchies for accurate object detection and semantic segmentation.
Proceedings of the IEEE Conference on Computer Vision and Pat-
tern Recognition. Boston: IEEE, 2014: 580 — 587.

LEE J, WANG J, CRANDALL D, et al. Real-time, cloud-based
object detection for unmanned aerial vehicles. IEEE International
Conference on Robotic Computing. Taichung: IEEE, 2017: 36 —43.

LIU W, ANGUELOV D, ERHAN D, et al. SSD: Single shot multi-
box detector. European Conference on Computer Vision. Cham:
Springer, 2016: 21 — 37.

ZHOU B, LAPEDRIZA A, XIAO J, et al. Learning deep features for
scene recognition using places database. International Conference
on Neural Information Processing Systems. Montreal: Springer,
2014: 487 —495.

PENATTI O A B, NOGUEIRA K, SANTOS J A D. Do deep fea-
tures generalize from everyday objects to remote sensing and aerial
scenes domains. Proceedings of the IEEE Conference on Computer
Vision and Pattern Recognition. Boston: IEEE, 2015: 44 — 51.

HU F, XIA G S, HU J, et al. Transferring deep convolutional neu-
ral networks for the scene classification of high-resolution remote
sensing imagery. Remote Sensing, 2015, 7(11): 14680 — 14707.

AMIR G, VASSILIS A. Selective unsupervised feature learning
with convolutional neural network (S—CNN). Proceedings of the
IEEE Conference on Computer Vision and Pattern Recognition.
Mexico: IEEE, 2016: 2486 — 2490.

CHEN Y, ZHAO D, LV L, et al. Multi-task learning for dangerous
object detection in autonomous driving. Information Sciences, 2018,
432(3): 559 - 571.



51 B S AR TETE A R IR 9
[18] GIUSTI A, GUZZIJ, DAN C C, et al. A machine learning approach [35] DAS S, GREY R, GONSALVES P. Situation assessment via
to visual perception of forest trails for mobile robots. IEEE Robotics Bayesian belief networks. Proceedings of the Fifth International
and Automation Letters, 2016, 1(2): 661 — 667. Conference on Information Fusion. Annapolis: IEEE, 2002: 664

[19] HUNG C, ZHE X, SUKKARIEH S. Feature learning based ap- - 671.
proach for weed classification using high resolution aerial images [36] MIRMOEINI F, KRISHNAMURTHY V. Reconfigurable Bayesian
from a digital camera mounted on a UAV. Remote Sensing, 2014, networks for hierarchical multi-stage situation assessment in bat-
6(12): 12037 — 12054. tlespace. Conference Record of the Thirty-Ninth Asilomar Confer-

[20] CHEN S W, SKANDAN S S, DCUNHA S, et al. Counting ap- ence ()nSignalS, Pacific Grove: IEEE, 2005: 104 — 108.
ples and oranges with deep learning: a data driven approach. I[EEE [37] LUO L, CHAKRABORTY N, SYCARA K. Provably-good dis-
Robotics & Automation Letters, 2017, 2(2): 781 —788. tributed algorithm for constrained multi-robot task assignment for

[21] LIW, FUH, YU L, et al. Deep learning based oil palm tree detec- grouped tasks. IEEE Transactions on Robotics, 2015, 31(1): 19 —
tion and counting for high-resolution remote sensing images. Re- 30.
mote Sensing, 2016, 9(1): 22 - 31. [38] LEED H, ZAHEER S A, KIM J H. A Resource-oriented, decentral-

[22] KRIZHEVSKY A, SUTSKEVER I, HINTON G E. ImageNet clas- ized auction algorithm for multirobot task allocation. /EEE Trans-
sification with deep convolutional neural networks. International actions on Automation Science & Engineering, 2015, 12(4): 1469 —
Conference on Neural Information Processing Systems. Nevada: 1481
Springer, 2012: 1097 - 1105. [39] JANG I, SHIN H S, TSOURDOS A. Anonymous hedonic game

[23] KIM H, KIM D, JUNG S, et al. Development of a UAV-type jelly- for task allocation in a large-scale multiple agent system. ArXiv
fish monitoring system using deep learning. International Confer- Preprint. 2017. arXiv: 1711.06871.
ence on Ubiquitous Robots and Ambient Intelligence. Xi’an: IEEE, [40] JANG I, SHIN H S, TSOURDOS A, et al. An integrated decision-
2015: 495 - 497. making framework of a heterogeneous aerial robotic swarm for co-

[24] BEJIGA M, ZEGGADA A, NOUFFIDJ A, et al. A convolutional operative tasks with minimum requirements. Proceedings of the In-
neural network approach for assisting avalanche search and rescue stitution of Mechanical Engineers, Part G: Journal of Aerospace
operations with UAV imagery. Remote Sensing, 2017, 9(2): 100 — Engineering, 2018, DOI: 10.1177/0954410018772622.

108. [41] JANG I, SHIN H S, TSOURDOS A. A comparative study of game-

[25] SAWARKAR A, CHAUDHARI V, CHAVAN R, et al. HMD vision- theoretical and markov-chain-based approaches to division of labour
based teleoperating UGV and UAV for hostile environment using in a robotic swarm. IFAC-PapersOnlLine, 2018, 51(12): 62 — 68.
deep learning. ArXiv Preprint. 2016. arXiv: 1609.04147. [42] MNIH V, KAVUKCUOGLU K, SILVER D, et al. Playing atari

[26] KENDALL A, GRIMES M, CIPOLLA R. PoseNet: a convolutional with deep reinforcement learning. ArXiv Preprint. 2013. arXiv:
network for real-time 6-DOF camera relocalization. IEEE Interna- 1312.5602.
tional C C ter Vision. Santiago: IEEE, 2015: 2938

’02”92 . onference on Computer Vision. Santiago [43] MNIH V, KAVUKCUOGLU K, SILVER D, et al. Human-level con-
’ trol through deep reinforcement learning. Nature, 2015, 518(7540):

[27] YIK M, TRULLS E, LEPETIT V, et al. LIFT: learned invariant fea- 329 _ 533.
ture transform. European Conference on Computer Vision. Cham: 441 WANG Ch R b on distributed . i .
Springer, 2016: 467 — 483. [44] . ong. esea{‘c on l_.Sl‘rl uted cooperative mmh\lonpc.m.—

ning of earth observation satellite based on agent. Changsha: Mili-

[28] DETONE D, MALISIEWICZ T, RABINOVIFZH A. Toward geo- tary Operations and Systems Engineering, 2011.
metric deep SLAM. ArXiv Preprint. 2017. arXiv:1707.07410. (. E?AgentE‘JX‘WEX)@WEE%%ﬁiﬁm\lﬁ‘lﬁ%ﬂlﬂfﬁ?‘f. Kb

[29] ZHOU T, BROWN M, SNAVELY N, et al. Unsupervised learning of [E B RERAR K 2E, 2011.)
depth and ego-motion from video. Proceedings of the IEEE Confer- [45] GURZONIJ A, TONIDANDEL F, BIANCHI R A C. Market-based
ence on Computer Vision and Pattern Recognition. Hawaii: IEEE, dynamic task allocation using heuristically accelerated reinforce-
2017: 6612 - 6619. ment learning. Portuguese Conference on Artificial Intelligence.

[30] TATENO K, TOMBARI F, LAINA 1, et al. CNN-SLAM: real-time Berlin: Springer, 2012: 365 — 376.
dense monocular SLAM with learned depth prediction. Proceedings [46] LOPE D J, MARAVALL D, QUINONEZ Y. Self-organizing tech-
of the IEEE Conference on Computer Vision and Pattern Recogni- . . . . R .

. . niques to improve the decentralized multi-task distribution in multi-
tion. Hawaii: IEEE, 2017: 6565 — 6574, robot systems. Neurocomputing, 2015, 163(9): 47 — 55.

[31] ZHAO Zonggui, XIONG Zhaohua, WANG Ke, et al. Theory, [47] LOPE D J, MARAVALL D, QUINONEZ Y. Response thresh-

Methodology, Tools and Applications for Modeling and Simula- . . .
. ) . X old models and stochastic learning automata for self-coordination
tion of Complex Systems. Beijing: National Defense Industry Press, . RPN .
2012 of heterogeneous multi-task distribution in multi-robot systems.
e e e o iy o . . R Robotics and Autonomous Systems, 2013, 61(7): 714 —720.
Gk, FEHIYE, TEF, 5. 3 B AR S A, L5 B ! S ol
Tk AL, 2012, (48] #3C. UCLUFENLR BERE R : WA HEAT KBS AR 25
(32] ZHU Feng, HU Xiaofeng. Survey and research progress of battle- https://www.leiphone.com/news/201707/5FqArxzG82upR2i2.html,
Lo . . 2017.
field situation assessment based on deep learning. Military Opera-
tions and Systems Engineering, 2016, 30(3): 22 — 27. [49] KURDI H A, ALOBOUD E, ALALWAN M, et al. Autonomous
(R, THIRIE. JE TR S RIS BT R 5 B . & task allocation for multi-UAV systems based on the locust elastic
HizEH5RG T, 2016, 30(3): 22 - 27.) behavior. Applied Soft Computing, 2018, 71(10): 110 — 126.

[33] SILVER D, HUANG A, MADDISON C J, et al. Mastering the game [50] ZHEN Z, XING D, GAO C. Cooperative search-attack mission plan-
of go with deep neural networks and tree search. Nature, 2016, ning for multi-UAV based on intelligent self-organized algorithm.
529(7587): 484 — 489. Aerospace Science and Technology, 2018, 76(5): 402 —411.

[34] LIC, CAO M, TIAN L. Situation assessment approach based on a [51] TRANL, CROSS C, MONTAGUE G, et al. Reinforcement learning

hierarchic multi-timescale bayesian network. International Confer-
ence on Information Science and Control Engineering. Shanghai:

IEEE, 2015: 911 - 915.

with autonomous small unmanned aerial vehicles in cluttered envi-
ronments. AIAA Aviation Technology, Integration, and Operations
Conference. Dallas: AIAA, 2015: 2899 —2917.



10 B of w5 N M 36 45
[52] YUKE Z, ROOZBEH M, ERIC K, et al. Target-driven visual nav- [71] CLAEYS M, LATRE S, FAMAEY J, et al. Design and evaluation

[53]

[54]

[55]

[56]

[57]

[58]

[59]

[60]

[61]

[62]

[63]

[64]

[65]

[66]

[67]

[68]

[69]

[70]

igation in indoor scenes using deep reinforcement learning. IEEE
International Conference on Robotics and Automation. Singapore:
IEEE, 2017: 3357 — 3364.

MNIH V, BADIA A P, MIRZA M, et al. Asynchronous methods
for deep reinforcement learning. Proceedings of the International
Conference on Machine Learning. New York: IEEE, 2016: 1928 —
1937.

KIM I, SHIN S, WU J, et al. Obstacle avoidance path planning
for uav using reinforcement learning under simulated environment.
IASER 3rd International Conference on Electronics, Electrical En-
gineering, Computer Science. Okinawa: IEEE, 2017: 34 — 36.

CHRISTOPHER J C H W, PETER D. Q-learning. Machine Learn-
ing, 1992, 8(3/4): 279 — 292.

LI S, LIU T, ZHANG C, et al. Learning unmanned aerial vehicle
control for autonomous target following. ArXiv Preprint. 2017. arX-
iv: 1709.08233.

TIMOTHY P L, JONATHAN J H, ALEXANDER P, et al. Continu-
ous control with deep reinforcement learning. ArXiv Preprint. 2015.
arXiv: 1509.02971.

POLVARA R, PATACCHIOLA M, SHARMA S, et al. Au-
tonomous quadrotor landing using deep reinforcement learning.
ArXiv Preprint. 2017. arXiv: 1709.03339.

VAN H H, GUEZ A, SLIVER D. Deep reinforcement learning with
double Q-learning. Proceedings of the 30th AAAI Conference on Ar-
tificial Intelligence. Phoenix: AAAI 2016: 1813 — 1819.

IMANBERDIYEV N, FU C, KAYACAN E, et al. Autonomous nav-
igation of UAV by using real-time model-based reinforcement learn-
ing. Proceedings of the 14th International Conference on Control,
Automation, Robotics and Vision. Phuket: IEEE, 2016: 1 — 6.
HESTER T, STONE P. Texplore: real-time sample-efficient rein-
forcement learning for robots. Machine Learning, 2013, 90(3): 385
—-429.

CHEN Y F, LIU M, EVERETT M, et al. Decentralized non-
communicating multiagent collision avoidance with deep reinforce-
ment learning. IEEE International Conference on Robotics and Au-
tomation. Singapore: IEEE, 2017:285 — 292.

CHEN Y F, EVERETT M, LIU M, et al. Socially aware motion
planning with deep reinforcement learning. ArXiv Preprint. 2017.
arXiv: 1703.08862.

LONG P, FAN T, LIOA X, et al. Towards optimally decentralized
multi-robot collision avoidance via deep reinforcement learning.
ArXiv Preprint. 2017. arXiv: 1709.10082.

FAN Bangkui, ZHANG Ruiyu. UAV system and artificial intelli-
gence. Journal of Wuhan University: Information Science Edition,
2017, 42(11): 1523 — 1529.

(B, sk, EANLRG S AT R OO0 (588
AR, 2017, 42(11): 1523 — 1529.)

JANGJ S R. Self-learning fuzzy controllers based on temporal back-
propagation. IEEE Transactions on Neural Networks, 1992, 3(5):
714 —723.

NGUYEN D H, WIDROW B. Neural networks for self-learning
control systems. IEEE Control Systems Magazine, 1990, 10(3): 18
-23.

CHIANG C K, CHUNG H Y, LIN J J. A self-learning fuzzy log-
ic controller using genetic algorithms with reinforcements. /IEEE
Transactions on Fuzzy Systems, 1997, 5(3): 460 — 467.

SUTTON R S, BARTO A G. Reinforcement Learning: An Introduc-
tion. Cambridge: MIT Press, 1998.

LIU Derong, LI Hongliang, WANG Ding. Data-based self-learning
optimization control. Journal of Automation, 2013, 39(11): 1858 —
1870.

CRVEZR, Zeozss, . BT 50 i B 22 ST st s
JRE. BB, 2013, 39(11): 1858 — 1870.)

[72]

[73]

[74]

[75]

[76]

[77]

[78]

[79]

[80]

[81]

[82]

[83]

[84]

[85]

[86]

[87]

[83]

[89]

of a self-learning HTTP adaptive video streaming client. [EEE Com-
munications Letters, 2014, 18(4): 716 —719.

WEI Q, LIU D, YANG X. Infinite horizon self-learning optimal con-
trol of nonaffine discrete-time nonlinear systems. /[EEE Transactions
on Neural Networks and Learning Systems, 2015, 26(4): 866 — 879.

RUSSELL S J, NORVIG P. Artificial Intelligence: A Modern Ap-
proach. Malaysia: Pearson Education Limited, 2016.

GAUDET B, LINARES R, FURFARO R. Deep reinforcemen-
t learning for six degree-of-freedom planetary powered descent and
landing. ArXiv Preprint. 2018, arXiv: 1810.08719.

KOCH W, MANCUSO R, WEST R, et al. Reinforcement learning
for UAV attitude control. ArXiv Preprint. 2018. arXiv: 1804.04154.

SU Z,ZHOU M, HAN F, et al. Attitude control of underwater glid-
er combined reinforcement learning with active disturbance rejec-
tion control. Journal of Marine Science and Technology, 2018, DOIL:
10.1007/s0077.

WILLIS S, 1ZZO D, HENNES D. Reinforcement learning for s-
pacecraft maneuvering near small bodies. AAS/AIAA Space Flight
Mechanics Meeting. Napa: AIAA, 2016: 14 - 18.

TURKOGLU K, SUN F. Reinforcement learning based continuous-
time on-line spacecraft dynamics control: case study of nasa spheres
spacecraft. AIAA Guidance, Navigation, and Control Conference.
Florida: AIAA, 2018: 8 - 12.

ABBEEL P, COATES A, NG A Y. Autonomous helicopter aero-
batics through apprenticeship learning. The International Journal of
Robotics Research, 2010, 29(13): 1608 — 1639.

ABBEEL P. Apprenticeship learning and reinforcement learning
with application to robotic control. California: Stanford Universi-
ty, 2008.

HWANGBO J, SA I, SIEGWART R, et al. Control of a quadro-
tor with reinforcement learning. IEEE Robotics and Automation
Letters, 2017, 2(4): 2096 — 2103.

WU H, SONG S, YOU K, et al. Depth control of model-free
AUVs via reinforcement learning. /EEE Transactions on Systems,
Man, and Cybernetics: Systems, 2018, DOI: 10.1109/TSMC.2017.
2785794.

CUI R, YANG C, L1, et al. Adaptive neural network control of
AUVs with control input nonlinearities using reinforcement learn-
ing. IEEE Transactions on Systems, Man, and Cybernetics: Systems,
2017, 47(6): 1019 — 1029.

PALUNKO I, FAUST A, CRUZ P, et al. A reinforcement learning
approach towards autonomous suspended load manipulation using
aerial robots. Proceedings of the IEEE International Conference on
Robotics and Automation. Karlsruhe: IEEE, 2013: 4881 — 4886.

FAUST A, PALUNKO I, CRUZ P, et al. Learning swing-free tra-
jectories for UAVs with a suspended load. Proceedings of the IEEE
International Conference on Robotics and Automation. Karlsruhe:
IEEE, 2013: 4902 — 4909.

FAUST A, PALUNKO I, CRUZ P, et al. Automated aerial suspend-
ed cargo delivery through reinforcement learning. Artificial Intelli-
gence, 2017, 247(7): 381 — 398.

KAHN G, VILLAFLOR A, PONG V, et al. Uncertainty-aware rein-
forcement learning for collision avoidance. ArXiv Preprint. 2017,
arXiv: 1702.01182.

ZHANG T, KAHN G, LEVIN S, et al. Learning deep control poli-
cies for autonomous aerial vehicles with mpc-guided policy search.
Proceedings of the IEEE International Conference on Robotics and
Automation. Stockholm: IEEE, 2016: 528 — 535.

ZHAO F, ZENG Y, WANG G, et al. A brain-inspired decision mak-
ing model based on top-down biasing of prefrontal cortex to basal

ganglia and its application in autonomous UAV explorations. Cog-
nitive Computation, 2018, 10(2): 296 — 306.



51 BB KW REHALET ARG LRSI 1

[90] CHENG Y, ZHANG W. Concise deep reinforcement learning ob- [107] LIB,ZHANG X, FANGY, et al. Visual servoing of wheeled mobile
stacle avoidance for underactuated unmanned marine vessels. Neu- robots without desired images. IEEE Transactions on Cybernetics,
rocomputing, 2018, 272(1): 63 —73. 2018, DOI: 10.1109/TCYB.2018.2828333.

[91] MA Z, WANG C, NIU Y, et al. A saliency-based reinforcement [108] CHEN J, ZHAGN X, XIN B, et al. Coordination between unmanned
learning approach for a UAV to avoid flying obstacles. Robotics and aerial and ground vehicles: a taxonomy and optimization perspec-
Autonomous Systems, 2018, 100(2): 108 — 118. tive. IEEE Transactions on Cybernetics, 2016, 46(4): 959 — 972.

(92] HUNG S M, GIVIGL S N. A Q-learning approach to flocking with [109] HOU Z S, WANG Z. From model-based control to data-driven con-
UAVs in a stochastic environment. /[EEE Transactions on Cybernet- trol: Survey, classification and perspective. Information Sciences,
ics, 2017,47(1): 186 — 197. 2013, 235(6): 3 — 35.

(93] X,U H, CARRILLO L R G. Fast reinforcement learm.ng based dis- [110] TIAN Taotao, HOU Zhongsheng, LIU Shida, et al. Unmanned ve-
tributed optimal flocking control and network co-design for uncer- . .
tain networked multi-UAV system. Proceedings of the SPIE 10195, hicle lateral c.()ntr(>.l .method based on model-free adaptive control.
California: Unmanned Systems Technology XIX, 2017: 10195111 Act\a A\utomatlca szca‘, 20,37’ 43(11): i%l N 1940;

10195119, (H%%, 1%@\%\, i’lhﬁji, S BET OB B S RN S
IR AR . AEMEAAR, 2017, 43(11): 1931 - 1940.)

[94] KIUMARSI B, VANVOUDAKIS K G, MODARES H, et al. Opti-
mal and autonomous control using reinforcement learning: A sur- [111] XU X, CHEN H, LIAN C, et al. Leaming-based predictive con-
vey. IEEE Transactions on Neural Networks and Learning Systems, trol for discrete-time nonlinear systems with stochastic disturbances.
2018, 29(6): 2042 — 2062. IEEE Transactions on Neural Networks and Learning Systems,

L 2018, 29(12): 6202 — 6213.

[95] KIUMARSI B, LEWIS F L. Output synchronization of heteroge-
neous discrete-time systems: A model-free optimal approach. Auto- [112] DOU R, DUAN H. Pigeon inspired optimization approach to model
matica, 2017, 84(10): 86 — 94. prediction control for unmanned air vehicles. Aircraft Engineering

[96] LIJ, MODARES H, CAHI T. Off-policy reinforcement learning for and Aerospace Technology: An International Journal, 2016, 88(1):
synchronization in multiagent graphical games. IEEE Transactions 108 —116.
on Neural Networks and Learning Systems, 2017, 28(10): 2434 — [113] ABBASPOUR A, ABOUTALEBI P, YEN K K, et al. Neural adap-
2445. tive observer-based sensor and actuator fault detection in nonlinear

[97] JIANG Y, FAN J, CHAI T, et al. Tracking control for linear discrete- systems: Application in UAV. ISA Transactions, 2017, 67(3): 317 —
time networked control systems with unknown dynamics and drop- 329.
out. IEEE Transactions on Neural Networks and Learning Systems, [114] CHEN M, SHI P, LIM C C. Adaptive neural fault-tolerant control of
2013, 29(6): 2042 - 2062. a 3-DOF model helicopter system. IEEE Transactions on Systems,

[98] JIANG H, ZHANG H, LUO Y, et al. Neural-network-based robust Man, and Cybernetics: Systems, 2016, 46(2): 260 — 270.
control schemes for nonlinear multiplayer systems with uncertain- [115] JIAE LEIY, GUO L, et al. A neural network constructed by deep
ties via adaptive dynamic programming. IEEE Transactions on Sys- learning technique and its application to intelligent fault diagnosis
tems, Man, and Cybernetics: Systems, 2018, DOI: 10.1109/TSM- of machines. Newrocomputing, 2018, 272(1): 619 — 628.
C.2018.2810117.

(99] JIANG H, ZHANG H, XIAO G, et al. Data-based approximate opti- [116] HE M, HE D. Deep learning based approach for bearing fault di-

? ? ? ’ X " agnosis. IEEE Transactions on Industry Applications, 2017, 53(3):
mal control for nonzero-sum games of multi-player systems using 3057 — 3065.
adaptive dynamic programming. Neurocomputing, 2018, 275(1):
192 — 199. [117] HUNDAM K, CONSTANTINOU V, LAPORTE C, et al. Detect-

[100] WANG D, LIU D, ZHANG Y, et al. Neural network robust track- ing spacecraft anomalies using Istms and nonparametric dynamic
ing control with adaptive critic framework for uncertain nonlinear thresholding. ArXiv Preprint. 2018, arXiv: 1802.04431.
systems. Neural Networks, 2018, 97(1): 11 — 18. [118] MA J, NI S, XIE W, et al. Deep auto-encoder observer multiple-

[101] LUO B, LIU D, HUANG T, et al. Multi-step heuristic dynamic pro- model fast aircraft actuator fault diagnosis algorithm. International
gramming for optimal control of nonlinear discrete-time systems. Journal of Control Automation & Systems, 2017, 15(11): 1-10.
Information Sciences, 2017, 411(10): 66 — 83. [119] GUO D, ZHOGN M, JI H, et al. A hybrid feature model and deep

[102] GAO W, HUANG M, JIANG Z, et al. Sampled-data-based adap- learning based fault diagnosis for unmanned aerial vehicle sensors.
tive optimal output-feedback control of a 2-degree-of-freedom heli- Neurocomputing, 2018, 319(11): 155 — 163.
copter. IET Control Theory & Applications, 2016, 10(12): 1440 — [120] CHE C, WANG H, NI X, et al. Fault fusion diagnosis of aero-engine
1447. based on deep learning. Journal of Beijing University of Aeronautics

[103] GAO W N, JIANG Z P. Learning-based adaptive optimal tracking and Astronautics, 2018, 44(3): 621 — 628.
control of strict-feedback nonlinear systems. I[EEE Transactions on (T, FHAG, (MM, 5. JETIRBE 5 ST A s R BTkl
Neural Networks and Learning Systems, 2018, 29(6): 2614 — 2624. AW AEE MR RS54, 2018, 44(3): 621 - 628.)

[104] ZUO S, SONG Y, LEWIS F L, et al. Optimal robust output contain- [121] FANG H, SHI H, DONG Y, et al. Spacecraft power system fault
ment of unknown heterogeneous multiagent system using off-policy diagnosis based on DNN. Prognostics and System Health Manage-
reinforcement learning. /IEEE Transactions on Cybernetics, 2018, ment Conference. Harbin: IEEE, 2017: 1 - 5.

29(6): 2042 —2062.
. [122] LU H, LI Y, MU S, et al. Motor anomaly detection for un-

[105] SONG Y D, LEWIS F L, POLYCARPOU M, et al. Guest edito- . . . . .

R 0 . manned aerial vehicles using reinforcement learning. IEEE Internet
rial specu.ll issue on n.ew developments 111' r}eural network struc- of Things Journal, 2018, 5(4): 2315 — 2322.
tures for signal processing, autonomous decision, and adaptive con-
trol. [EEE Transactions on Neural Networks and Learning Systems, [123] XIE C H, YANG G H. Data-based fault-tolerant control for affine
2017, 28(3): 494 — 499. nonlinear systems with actuator faults. ISA Transactions, 2016,

[106] WATKINS J C H C, DAYAN P. Genetic fuzzy based artificial intel- 64(9): 285 - 292.
ligence for unmanned combat aerial vehicle control in simulated air [124] KIM D, OH G, SEO Y, et al. Reinforcement learning-based optimal

combat missions. Journal of Defense Management, 2016, 6(144):
2167 — 0374.

flat spin recovery for unmanned aerial vehicle. Journal of Guidance,
Control, and Dynamics, 2016, 40(4): 1 -8.



12 7= h ® w5 M H # 36 %

[125] KARRAY F, ALEMZADEH M, SALEH J A, et al. Human- [143] EVERETT M, CHEN Y F, HOW J P. Motion planning among dy-
computer interaction: overview on state of the art. International namic, decision-making agents with deep reinforcement learning.
Journal on Smart Sensing and Intelligent Systems, 2008, 1(1): 137 ArXiv Preprint. 2018, arXiv: 1805.01956.

- 159. [144] WANG J X, KURTH N Z, TIRUMALA D, et al. Learning to rein-

[126] %J&. DARPA OFFSETZ H 5 i 1 Ji€. http://www.dsti.net/Infor- forcement learn. ArXiv Preprint. 2016, arXiv: 1611.05763.
mation/News/109091, 2018. .

. [145] DUAN Y, SCHULMAN J, CHEN X, et al. R12: Fast reinforcement

[127] KARAVAS G K, ARTEMIADIS P. On the effect of swarm collective . . . . . .

. . X K learning via slow reinforcement learning. ArXiv Preprint. 2016,
behavior on human perception: towards brain-swarm interfaces.. arXiv: 1611.02779.
Proceedings of the IEEE International Conference on Multisensor
Fusion and Integration for Intelligent Systems. San Diego: IEEE, [146] FINN C, ABBEEL P, LEVIN S. Model-agnostic meta-learning for
2015: 172 — 177. fast adaptation of deep networks. ArXiv Preprint. 2017, arXiv:

[128] GAO S, WANG Y, GAO X, et al. Visual and auditory brain- 1703.03400.
computer interfaces. IEEE Transactions on Biomedical Engineer- [147] MIOTTO R, WANG F, WANG S, et al. Deep learning for healthcare:
ing, 2014, 61(5): 1436 — 1447. review, opportunities and challenges. Briefings in Bioinformatics,

[129] EBESL . FEHRFE: H RN IR “ BUUR” L 2R, hitp:/news. 2017, 18(6): 1236 — 1246.
163.com/06/0615/07/2JL2JIMD00011229.html, 2006. [148] ZHAO G, ZHAGN G, GE Q, et al. Research advances in fault diag-

[130] LONG J, LI1'Y, WANG H, et al. A hybrid brain computer interface nosis and prognostic based on deep learning. Prognostics and Sys-
to control the direction and speed of a simulated or real wheelchair. tem Health Management Conference. Chengdu: IEEE, 2016: 1 —
IEEE Transactions on Neural Systems & Rehabilitation Engineer- 6.
ing, 2012, 20(5): 720 - 729. [149] LEL Y, JIA E, LIN J, et al. An intelligent fault diagnosis method

[131] MING D, WANG K, HE F, et al. Study on physiological informa- using unsupervised feature learning towards mechanical big data.
tion detection and application evoked by motor imagery: Review IEEE Transactions on Industrial Electronics, 2016, 63(5): 3137 —
and prospect. Chinese Journal of Scientific Instrument, 2014, 35(9): 3147.

1921 - 1931.
. . [150] LIU R, YANG B, ZIO E, et al. Artificial intelligence for fault di-

[132] YUY, ZHOU Z, YIN E, et al. A P300-based brain-computer inter- - - o . . . )
face for chinese character input. International Journal of Human- agnosis of rotating machinery: A review. Mechanical Systems and

ace put. ~ Signal Processing, 2018, 108(8): 33 — 47.
Computer Interaction, 2016, 32(11): 878 — 884.
[133] LU Y, HU Y, LIU R, et al. The design of simulation vehicle sys- [151] NIKFARJAM A, SARKER A, O°CONNOR K, et al. Pharmacovigi-
. . . lance from social media: mining adverse drug reaction mentions us-
tem controlled by multichannel EEG based on imaginary move- . ) . ]
ments. Proceedings of the 35th Chinese Control Conference. Cheng- ing sequence labeling with word embedding cluster features. Jour-
du: IEEE. 2016: 4976 — 4981 nal of the American Medical Informatics Association, 2015, 22(3):
\ o . 671 - 681.

[134] KARRAY F, ALEMZADEH M, SALEH J A, et al. Human-
computer interaction: overview on state of the art. International [152] CROWLEY J. Put that there: 20 years of research on multimodal in-
Journal on Smart Sensing and Intelligent Systems, 2008, 1(1): 137 teraction. Proceedings of the 2018 on International Conference on
—159. Multimodal Interaction. Colorado: ACM, 2018: 4 —4.

[135] AL-KAFF A, MARTIN D, GARCIA F, et al. Survey of comput- [153] WANG Dangxiao, ZHENG Yilei, LI Teng, et al. Multi-modal
er vision algorithms and applications for unmanned aerial vehicles. human-machine interaction for human intelligence augmentation.
Expert Systems with Applications, 2018, 92(2): 447 — 463. Scientia Sinica Informationis, 2018, 48(4): 449 — 465.

[136] CARRIO A, SAMPERDRO C, RODRIGUEZ R A, et al. A review (CESERE, M4, ZEhs, S5, T A A\ S RER S 0 S A AHLAZ L.
of deep learning methods and applications for unmanned aerial ve- ThERRE: 5 BRI, 2018, 48(4): 449 — 465.)
hicles. Journal of Sensors, 2017, DOI: 10.1155/2017/3296874.

[137] KIM I, MORRISON J R. Learning based framework for joint task e

. | camng paese ! 1 A
allocation and system design in stochastic multi-UAV systems. 2018
International Conference on Unmanned Aircraft Systems. Texas: BAtE L, HATRT T e Bk SR 5 UK, E-mail: zhaoxin
IEEE, 2018: 324 — 334. yizhf@163.com;

[138]

[139]

[140]

[141]

[142]

JIANG Y. A survey of task allocation and load balancing in dis-
tributed systems. IEEE Transactions on Parallel and Distributed
Systems, 2016, 27(2): 585 — 599.

LOWE R, WU Y, TAMAR A, et al. Multi-agent actor-critic for
mixed cooperative-competitive environments. Advances in Neural
Information Processing Systems 30. Long Beach: Curran Asso-
ciates, 2017: 6382 — 6393.

HONORABLE K M F, MARY J M. Unmanned systems integrated
roadmap FY 2011-2036. US: Office of the Secretary of Defense,
2011,

HADAEGH F Y, CHUNG S J, MANOHARA H M. On develop-
ment of 100-gram-class spacecraft for swarm applications. IEEE
Systems Journal, 2016, 10(2): 673 — 684.

CHUNG S J, PARANJAPE A A, DAMES P, et al. A survey on aerial
swarm robotics. IEEE Transactions on Robotics, 2018, 34(4): 837 —
855.

OB IR, BB RO TS BRI S R e R
FPRAS B S AR R 2 TN R R H L A H5E,
E-mail: zongqun@tju.edu.cn;

kAR A, HATHTIUT RO AR 5 LR O, E-mail:
839267975@qq.com;

BAEE  REI R, Haiorses e 2 2 RLY Sl
APIE] . BT HHA R BE SRR R i) 52T N DR AR B S R B o
SJ¥%HIEE, E-mail: bailing_tian@tju.edu.cn;

KFHn WL, BRTETA T YR RER A S A, E-mail:
zxy Xy-11@tju.edu.cn;

BB Wik, BRTHHATT O 2 RES ANLAL L, E-mail: £c2012

auto@tju.edu.cn.



