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Research Progress of Optical Remote Sensing Image Object
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Abstract Optical remote sensing images object detection (ORSIOD) is a basic but challenging question in the field
of aerial and satellite image analysis. In recent years, it has received extensive attention. In this paper we intro-
duces The current research status of the deep learning based ORSIOD from the following aspects. Firstly, the main
difficulties of optical remote sensing image object detection are introduced, and then the existing deep learning
based object detection algorithm is summarized, and according to different difficulties the deep learning based OR-
SIOD algorithm faced. The advantages and disadvantages of the deep learning based ORSIOD method are com-
pared and analyzed, and finally the future development trend is detailed analysis.
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(a) Object direction and
size change
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(b) Ultra-high resolution optical
remote sensingmaps and small
objects that need to be detected
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Fig.1 A typical case diagram showing several

problems encountered in optical remote sensing
image target detection
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(Region-based convolutional neural network)® %
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&5, K 274 Two-stage W4 I VL AE .

H A, Two-stage il H B Ark A %A a1 R JL
fifi: 1) R-CNN, H1 3 A& A%, 28 1 #f H —
FRRA PR M EET R TR B AR
ANER, A2 2 000 A~ XIHERE; 28 2 B fEiX
SeX I HETE LA H] CNN; 55 3 #i70 B4 ONN
By HH4 A5 SR ) BEALIEAT 70 AN Z A R3Sk 34T H
Pkl 2) Fast R-CNN, @ik P54 J7 T 3 54 =
TR E, 55 1 AR AEHES X 4 A E EE 3k
ITHRFESR I, BRI B BA B4 —4> CNN
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R
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2 Two-stage HiZMER
Fig.2 Two-stage algorithm flow chart
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2 NMEH Softmax JEARE SVM, W¥ EifZ
W 2 BEAT T, AN B — AN BT, 3) Faster
R-CNN, {5 F PRis pf 28 X 28 SR AR 2 18 5ok 1) 38 8 14 44
REIE, I T X WM 4 (Region proposal
network, RPN) SRIRHUIE L X 38, A5 1 SE PRk
WS B AN BE 4 A IAE FE . 4) R-FON (Region fully
convolutional netural network), X/ 100% JL=
TR SR, IR T B BUR S H Kl (Po-
sition-sensitive score maps), 1 I HR 1] [X 43,
(Region of interest, ROT) AT XI55, FH4h R4 XI5k
BEAT S AL B TPt SR i 24 7 61> H AR 28531
FINLE, B AAEH ARG L HA  Faster-RCNN
B HIRR . 5) Mask-RCNNUS 78 R 24 11 55 2 iy
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3C, 6 REXTEEAN O MR X I > R AR
(Mask) AT $ UK 41 ¢ 2 () A1 J&y, SEIL 1R 3R 40001
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B v ) BT B X 485 (PR B R) . Onme-stage 4572
F8 BB AT 4 ST AN 1 SAE [B] V3 I SRR S,
G M B I 28— 1) DX 3 B U B AT 23 2R L
One-stage M4 5 Two-stage 4% FH Lt 45 #4) 5 @ 5.,
COR TR TR R — N BRI AR
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Kl 3 One-stage HiERER
Fig.3  One-stage algorithm flow chart

F: 1) YOLOv1 (You only look once v1)!' 7
DX IR WA BT B 78 2 B0H , YOLOv1 E#EAEH]
— /N A3 3 X R T AS . 5 Two-stage B
AN, 5140 Faster R-CNN, MR &5 X35 45 AF Sk
T E bR, YOLOv1 4 Ry fi FH >k 5 8 AN G S
fiE. Fenlfe, YOLOVL ¥ BRI Zr N S x S AN Wi
FEAWFETIM C MR B /i FUHEAL B FNIX LA
M EEER . XTI HRID )Y S x S x (5B + C)
gk, R 58 AT XA A2 P 3R, YOLOv
BT BB AT R ), AT RALE 45 Wi /s b S
iz47. 2) YOLOv2'", YOLOv1 Wik A, %
YOLOv1 H [ GoogleNet!" # sk 7 5 & #.1#] Dar-
kNet-19, tb4h, IR T2 WA TAEH 15 HH
JEE, At — 1k M ER iR = LT K 2
H 2 R 22 247 (8 HE. 3) YOLOv3, fHLEE
V2 WA, FEREAT T a0 L7 ok, 5 5e2 M
7 ZE R 0k, I ZE I 2544 B Darknet-19 4804
Darknet-53, BkERIZE 8z 0B GOk B 0 . $255 2
AR S P BRI SO R S PR BB B (S T )
H Softmax MU~ Sigmoid. %5 A2 B HE 50 1 U
Anchor box #EH 5 1ECh 3 4. 4) SSD (Sin-
gle shot multiBox detector)®, H454 T Faster R-
CNN.YOLO UL Z RELGRFAREE. 5
YOLO ZEf8l, SSD A 7E FAE A1 H 5 S 5131247 il
D45 B AT B (4 B AR )32 FHHE DL, P o gk
e KB 575 (Non-maximum suppression,
NMS) HiEF H &l fe ) —A> BAn2E. SSD R4
LI A M %, I AE 2 A B PURAIE A E R R
AT A REE R, A5 A Bl S #0000 5 24 /)
(1R300 FHE () R0 73 B FAE (i #%

& 1. YOLOv3 72 — M ARIEAK R FIE, 7T
Z WL 3CHR: Adam V. You only look twice: Rapid
multi-scale object detection in satellite imagery.
arXiv: 1805.09512v1[cs.CV]. 2018.
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3.1 EEFEREGOPRISERANREF S
BHr&N 75 %

TR 57 2170 B 5 KPR R AL AR T S50 B2
AT B, N GRd 2 7 2 R IS A Re ik BT 3L
SR T vy T SR K B, AR SRR
5% > BT VEAR MEAE DR AIEAS ) 5 8 16 [ P PRI £ 27 >
HopEIEFEE. R 10 LAk B Piead &
I R ) 8 p BEAEHEAT T LR

SCHR [21-27) 5546 ROTRR YIRS — R 51
HI/N AT AR B, AU 25 T A BEIX L5 4
HIRE 7D, FIRHBOR 1B, 32 TASIRSCR, (52
BT Gy AL T /N B 30 4 XK H AR 4 1
F. SCHR [28] 5258 T BRI Z i 2 S X ) A,
PA— € B & R0 R BT IR S DI H, b 1 /N EL
S IX A H BRI 0] . A2 o B B R A 49 A
K AL BRI [R] 2245 BEANTC A%, SCHR [29] A ILTE3h
B 23 A B U AR I IR R K I rh B 23 T 3
& IXEORRA B PRI B AR, B,
FH RCNN 425 (i By Bows il s 5, ZEAEHT 20%
HERKKEEE, B B e hr g
XA E A HAREN R R AT g, TN S
B B ) 23 S8 A K TH LA, 1207 YRR CRIEAS U RICR
HITEIS, Jb 2 RETHEERE. HEN T HEE
73 AT RE 2 I 2 R I A 1) R, PR YOLT
(You only look twice) fEAE T 15% & Z ¥ 3)
Bt 22 e, AR AR R A R B 1R B 1 2
ORI, B — N 7R RE. (B KR
H/NEREAT T AR AN — S R AR 25 5K

E 2. YOLT & PRIEAKEKNEFE L, 7[5
WL3CHR: Adam V. You only look twice: Rapid
multi-scale object detection in satellite imagery.
arXiv: 1805.09512v1[cs.CV]. 2018.
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ML, s, A A, B 196 x 196 15 2 FIAE
VE i X 35, e i fof FH A s R AR 3 ) i sk /> 8
HE), FEHUATBEAAAE B AR X 35K, SR JE I — A2k
AORIGUESE R, A R 1 R X3, (H R EIEAE
KN FEFET 505 B Ve I, T R~F 248 1A il
AT 55 WU 3 DA R A 3L

EEEFIEREG Bird e e REF S B
FRAQI 75 5

BT 210 B SR 2 LB 2
W2 A D E I 2%, RO R 2 X 26 78 B AL B
T A AR R H R EAA L+ EEE L
MEERIN B AR, B R 2% ST T 55
XML T REZE R, DEEESELSL S
J2 T REEZ IR 2 W 2% T % 3% 2 0 2B ok 1A
(LB TS URAN I Y i RS i T

5 ELWL IR R IR BRI R IE B R, K
ZHOCER B NN B R KRHE ], Sk
YOLT f# F 2l ResNet (Residual neural net-
work) THEEML )@ IS 2 (Passthrough layer) ¥ f%
Ja— MR S R ZE PR, E SR
S 1/ AARRIRLIRE 7), IR AEE I 7 YOLO
T A% AN H, AEAFREAS PO RS BE TN SE /N 1) H A, 5
sext /N H AR BURE R = A R, 25 18 2 S AE,
WA TG PRI IR A% A%, SCHR [31) DA Faster R-
CNN Jydkiiti X 45 fEREAT XIAERE Ja I e &
2, BEETBONBRRRSE, g 7N B RS R
ROR. ABIE 5B RIAE A TILAE 208 2 0 28 R ik 1
TR IRAFAE D BN HARBIR R mO, 5 TAERE M
25 B R/ H AR AR VR R BIBOREM, I
HAZ I 28 S5 K08 T AN [F) RN B H AR & s 1k 22
SCHR [25] WA H S 36 A0 2 BEAT T J2 AR J2 X 455 1)
Z RIZRRHIERL S, AORER GG T B 3C
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55, FREGEHIUAR. /N B bR BRI, (22 M
250 F /N BAR RS 5l NIt 2 1 S s RIS
Wk [24] 7646 2 RS BT R E R & 1 R, fd
FH ~F- 5 22 50K~ o N 1) 7R SCAE 2T 51N [
P AR R R BRI A R A B A, R
RE LA IIE R, MR B S R 2.

REREIMAFEN B NE 2S5, X
Bk [32] /£ YOLOv2 S8 M T KGR, /29
KBAZBF (1 IR F, AH b RGBT S50 (H2
i 35 A 2 i B R A R A1 e, STk [33] 14
BRIERIIWGRAG B E EMERE R, iF
TR GRA L, [, 2 RER K EERM
REFHEL A, 00 T/ H AR A IR AH 2 4
JRER ML B 4 R ik 45 A Pk, 2R 5
BEAT N RFEIRAS Y, FIFEMIG CNN W28 T KA Fr
T 115 P ]

SCHR [27) FEAE T AR ST, R H R 2R 1)
KT, 454 WA CNN M%, 55 1 BBl CNN
HEAT Y0 B K (PR 1 A (R &5 SR L
T HR), 52 BT 1 B B 4% fHL T
I SR PR AT A 20 ARSI, 446 /) TR R DA AR ke E
S WU CAASE I /)N H A P i 8. 2 R 0 R 0 A7 7
S WU AR5 AR 74 1) .

U 7ELRAIE K E FR ARSI R0 R 1 1R 2 = /s H bR
ARSI R, FF HARUER P A R B, 16 7R 2R
BT

EEEFERE G BAr A BE L ERRARE S
S BRI A5

AR R R R RR I IR IR A, 2 BN
M H AR T R, T CNN FRIER B 2% SRR AR
FUA TR AANE [, 2242 (K0 3 BE 2 4 Rl iy SR PR 4L
FI AU A R H b3 T 10 A2 A 10 S8 B A P B 1
5 DA S SUAR W 4 5 4. 7 3 % 2 TR o VB H AR T

3.3

1 RGBS PR A ) A R 5 i
Table 1  Comparison of different methods to solve the problem of high image resolution
PRYLE ORI Ty st 5/ 1
- \ s 1759 190 %6 fi 5 3 A MR B i 47 i e
[21-27]  HREIE il iy UG ER 200 B AR B 5
(28] BA— i F AR B IR Hh 2 F AR R BN Z TR B
e . RCNN (%5 1 BB T LIS 55 1 BRI 0524 2 2 57T
E@ﬁ;ﬁ [29] FELL 5 EA T IEE M T RCONN A AT B o =
ol Plag= > sjz SN Y L eV ST S
VA E R 2R, B AR AR , . SR B AR Ve A5 LV B 7 0 1
’ oI B 2 X 3 1) 55 A A D \ e
YOUT i o i 0 5 ek WA EBXBHEE N Fey K 1 A
po) MR GRULE A RIS et ki SRR R 0 F AR

B, A MR B[ R RT3 A

VE: YOLTRZ—MNRIER K REE, 2 03CHR: Adam V. You only look twice: rapid multi-scale object detection in satellite imagery. arXiv:1805.

09512v1 [cs.CV]. 2018.
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Table 2 Comparison of different methods to solve the problem of too few object pixels
i A ] WK J5 i s Bl /M
YOLT Y OLOv3RI 4% i R4 4 P T /N B ARSI AE 71 e LA 005k
[31]  IMARERE X/ HARBEAT TEOR ToVEORAE R 5 CL4H R 10/ H bx
[25]  HIREBBERLGEAREEREL ¥ P NN ER 7R b Rl REM 2% 25 Nid £ 1 7
bRt 24] A4 P48 R BOR RN W 2 T P/ B bR I e 7 9 R Rk T A5

[32]  TEYOLOv2I & din Nk &
33 MR GER AL

fg e 7 kS 2l
I RIEZ I R > S5

IR T IZARE AR 2

KGR E R REE R
FERHL 2 2 MRk, X T
/N HARAS UK

VE: YOLTR —AMRIESERIF, 203k Adam V. You only look twice: Rapid multi-scale object detection in satellite imagery. arXiv:1805.

09512v1 [cs.CV]. 2018.

R 3 R EFRTT A AN [F) 7 300

Table 3  Comparison of different methods to solve the problem of object direction change

R RSOk Jiik s B ast /3 R
(22-26, 34] fEFJUAAFEIMEFHTREERSR S 5Tl HORA R

(35] A58 AR R P4 4R A7 00 6 e B e 0 S R B J& T HE g RIEE, BORATIR

36] IIABEREAALZ, 5N IERLZT R NI 0 2 6 i e ) IEMAL LTI LSE S
H 57717 (37) TR BN 2 #f1 BSR4 T T X7 [ AL E AR AT AR AP E i BAE R A P T, AN BEAR 195 1 S B 0
e B8] SRR A e R ST AL ST e 2 £ e 24 0 A B o

(25]

25 IATT TR T 23 32

(39] i A IEEROLIBAL

I SHHERT BLEL— € £ B E r H b
A ERONM AL 22 5N 75 5 7
B ] 7

B RO 2% 58T 5 16 B A R Ak L) A
BEA R P28 00 T 7 [ AAL B AL 2L i)t

[F1) A8 44 I ) F o SR EAT T LR

SCHR [22-26, 34] 73 A8 FH LA AN [R] ) e s A1
JE, PN SREHE BEAT B3 7a 39 0, 7 A8 AN A A
MIREARCE, 2038 H Aw e e R il RCR I RE . A
7] T 0 3 (1) e i As 4, SCHR [35) A5 R M AR 4
(Homography transform) K47 #4158, FLREW
(R A 4 1 T 3 S5 RS L AR AN, 3K B BE 4 ) 1 o
ROR.

Kt S 7 P e A 1 i — P T R G H AR
J7 [ 284 o) R 7%, A e R, H 2 e
3858 7 2R e A A B 2 [ A 1), ToV A S e e 1Y
28T H bR 7 AR AL B BE ). SCHR [36] FEHESE
(LR I 2% J5 I e AL 2, dlad 51 N IE N4k 2
PROITUSR 5 1) I A A 7 Jie B 1 IS 35 AR B RRAGE
M i ) Jie e AR SCHR [37] 72 Faster R-CNN
B RPN P4 thoin N 2 1 BEERRESR it o H A5 7
) A4k i) . SCHR [38] SR 2 REEAS B RlG 4
P22 R i 0T T e e R R EE AR AN I B e

H A5 J7 0 AR A AN 25 W 28 SR A 4 B K PR G
(RS 2 H s ar el 52 o ) 5 AR 50 i 1 IR
FOXT T MR X FE ARSI H bR, 7K IUHE 3 DLk 3
FERARE Ar. AU, SCHR [25] 78 W28 A I B Bein A
17 RN 53 32, ALAS H BR kAR BE 12 8 H AR AN [

17 FEAT RS R E L. STHR [39] AEAATT TR FHAE
LA b, 38 P2k T e e 1) ROT itk figuk 1 i
{1 ROT Ak xt T MM IX PRI ) H AR 2 5IAR 2
e 7 (10 ) L. SRR [22] B 7 R0 FAE R B it B
QB PR Y 1 A5 S5 1 .

3.4 EECFEREGBRRTEREERES
I B EM T E

LIS v el Sk Ay maTINIRE P NE DS EEN
) BRASEINAE 55, I BES ) A AT AR/ B R S A
KL AR b R AR R A A A R X R H
PRANIEER S AR, KB, BRI SE. K H AR
AN H AR RIS IR DT 55 K b, [0 280 T4
KBRS AR HE LIS AR B A AR B . 3% 4 36 24 i i
PEE AR R A4 i R 8 3 SR EAT T U

H A BT 7T E Bl I 22 RUEAS SR A
(A /s F AR AR I 1), SCHR [30] H b X 3 i
B3RS, 368 3 ANE 2RI 3 A4
ZRBEAT TN, i 24 T i BEEOE a1 B AR
FEAFAN A RS H FRAE [Fl— Bl T 70 TN SR [22]
A R 25 AL <5 - B X 28, AN () J2 R R A 11
RPN M5, fixJm i@l & Uz Wb 21 7] — 45 2k 47
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FE RCONN JEfih ] 2% (1 P A AS 7] RO ARFALE B N
TP RPN R4, SN AS R RN H AR R 5. 3
Wk [28] i A Bk R E 4 1) B 2 B AL 2 R 54
SRAE NLAN R REE RIAZAL, X AN R ROBE Ak FH AS [ i A
HBEAT T, R H A RUBE AR AL ] AL

H S FIERE G B E SR R R EF
S BRI E

R H AR WAL AT 4205, KHLAR R IE TR,
ISR R 2 B E S HR A (0 ) R, X80 1 H s
SENLATH bR 7> BHIAERE. 3% 5 0 2l A kR H AR
BEEHES I R > SRREAT T UL

Xt RS B AR 0 E AL, SCHR [22, 39)
AL A 5 A 32 S REAS I A ok T XA R X T
HAERHS H AR X 0 R, SCR [41] B T —F S

3.5

TN HbRBL, SR 5 8 A AR e KA H0 ) i 98 I8 E
K520 ) B ARAE & AL, T kN FAE & B
YOLT X} B G AT FoRAE, DU CRIBOGER Y B A5 K
H 2538, R8s/ B AR g8 /7 1 R B oo 1
H A 1) 25 S HEZ A ) (7] /.

EEEFERE G EREROEHREF I H
RT3 3%

e R H b R TR LA H AR5
(bRifE % NWPU VHR-10 B4 10 25 HFF)
PAAE, oAt A7 BRI R b ) 28 S Rl 7 9 5%
i H i EGER R, 55 E GRS 5T
i E BB, X ER R TN 55 ok T IR, R 6 X
I AR R A S5 R B R REAT T LA

FE ARG DN 52 32 38 K (R B 2R SR ) —
AN AR ] L 5 R A AR RO R EE IS OF H S
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Table 4 Comparison of different methods to solve the problem of object size change
WO it R itk s B/ A
Bl WPISARATERRR S OCEAEY  BURART RO KAE  SRIRRLR S B AR b
o) A RS TRIEIRRIREY ppormper Bismi g R R R
FOTRAE o] P A4 B P RPN 24 RRARFE R ARRIER I PR AR A R 75 2
g WIS RSO e R R
K5 R ERE SRS R AN R T VRN E
Table 5 Comparison of different methods to solve the problem that objects are densely arranged
WO iR it s ot/ A
[22,39] G A B WR 1 i el
i PR, SRIEETRR oo B s AT H R MR
YoIT it ERFDRBOREEE LI ORE oo B R AT LUK P

¥ YOLTR —MRIERERIIFL, 20 3CHk: Adam V. You only look twice: Rapid multi-scale object detection in satellite imagery. arXiv:1805.

09512v1 [cs.CV]. 2018.
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Table 6 Comparison of different methods for solving complex background problems
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2] A SRR SRR SR 5 BT, 680 M TS SR 0 B fﬁﬁf%M%ﬁ%ﬂ%ﬁmﬁ

N7 B
4R EAAL S FBRIORE e (5 B A e s , . s .
G AR g TR TSI, ORI IR IR A

b TP AT VIS, POREHERITIARE s e R ok A

AR RS b e A o 5 2 1 , \ \

43R R R U W Ty T FIRB R RAN . rommyat a7 st s
[44] {EFaster R-ONN M FIMACEE s R R R A6 B MBS TR gt e s S UK 5
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el




9 NP TR ST D6 AR B H AR Te e 2085

W4T N B M EERE, MRS S50 SNG4
MR, 3K A2 18 RS 7 AR A A 0 () — A B 2
[Rl. SCHR [42] M8 F 26 AR N 28R I 2R P2 BUERE 5 A
YRR DA R oty b = Fh 0 ()08 SURFAE, SR G VR TR
FINLHI RS SR FY AL, $ET T WX 25t 43
BN RE S AR R H RS BEA BRAEENE, Y
R0 AL 5 B A S R I ik, HLRRAIE 5 Bl b AR A AH 3T
M CAHEAT R 23 81 SRk [23) B R EAE A H AR
B T SRR AT ISR, [RIBS N —Fh % & 1 1
PR ZPURAE 2 Bl b S AR I B AR SRR A
PR B 5 K, AT A7 R o o 3 5% R S5 A AR
BURFAIE PR B4 ) 52 e SIZE TG 75 v it 20 25 D 5 R A
R R A

5 LA U 2 4, g HoAth 52 2 1 55
Wi (R 451 5. SCHR [43] 16 2 REEFFAESE IOV, 5
S JEREAE P B ASE P R O 3 2 D WL A i A
HER T ASFEIR /N B brr I F2 A 5 1 50 75 52
15 22 ROBE 43 5l T g B 1 X 28 1 B30 i 3 K. S
R [44] 454 R-FCON M 4% i A7 B B0 B8 L %
Faster R-CNN W24 f¢) RPN, 7E{# ] RPN 2% 3k
XA 2 J5, 78 B FRde 5 BT A7 B U4 2
K, SeBl H bR R EALE F I, RAIEE—Er )R
HRRFAE AR AR A B A 0 R — B AR, R T
SRR, H R Z 7 T RO =28, 1T
Ao LR A, S 1 S B PR I A =

3.7 EEAFEREGHEAR BEEEREF S E
FRAQ I 75 5%

FEARAN & 10 802 P A o A 55 #8252 T s 11
e R TR X v i T R ) AR A B N A e e
A, e B R H bR A 4R S B AR 5t
I FLIR FE 5 ST 5 o0 B0 A8 2SR i v, B 4
Y BRI RE A A3 A M LA B I R AL H Al el
SRFEARTR R I ) 8 B B BE g, 55
B UL GE RS2 3] 32 T X AR vk B REARAS
JE [ R 7 BE AT T HUER.

SCHR [24-27, 36, 44-46] 43 AR T AFEFRE .

AR e AR BN KB 0 E R 0 S
YA L 9 AR A TV IR EAT T A X L
ol 8 2T EAMUSAE 78 TR ECE, T H— €
FEPE b A ke 840 A T 2 380 1) e @ (a7 1) AR JEE
ARAK). AE R B I 5 I F A AR5 AR e o) 5 A £
PEREAS I ), I HX He 38 #0255 T JR 46 1 25
ot , 2 A e 2 Ja R AS ARBLBE K&, AT B
SRR S AR RE AR, DR X A I 3 SR A B2 PR

559 MBI A e R (RIS T IUA bR
B EA L DL R i AR ) ANl D) M ()
R T IA PRiC B S5 B A HERR) . AHER
W (RIRE T IMA R IC B R EEA R RE
18). 6o R B ENR B ARSI 3= ZE i ) R A 58 4
B SCHR [47) A A T BT 4% (Generative ad-
versarial network, GAN) i i /> &Il 2 A K adt
AT REAUREA A B AH EE Bt 1 o 07 vk, AR ) B
K5 IR GRFEA I AAHE], [R5 58 4 1) LA
AL ). AH S R ] GAN BEAT AL 2R AR
TS EAT I L. SCHR [30] AR AR A IEAR I SRt
P P I A2 M ) SO ASRIEAY e B AN A 55
FAMAREAR, B8 T 22T 52BN RA ),
ERMNE T AREARKY 7, BA MR RCIEREA
AN A2 T .

TR IE 5 2] 7V RN 5 BN e kAT S IR
>, AL AT A B i 1) 1) RBAE VR S o 2] O v B R A
SRR TR SIHE AR SR EEAS R )z 18
HAEZ AU, B E0 16228 B EHE B Arka i
%5, H 3= s B 2 A FH VRS o B AT TR0 25,
IR 5 R P GRS ) R HEAT I #8, AE H AR
i L HEATRE— BN R, Bt SRk [16] 18] ImageN-
et FAREXT YOLOvV3 M 3EAT Wil 2k, A5 FiT
# 2 H AR IR AT 0. SCER [41] A8 ImageN-
et Bdla B XS E MLk HEAT TSR, SR 51078 2 H bR
SR AT O . X BTV R R R R R FE R A
M 2% (Deep neural network, DNN) f)i% 2 2K 2%
B XE R (IniL 45 B Bt s B4), DNN FiR)=
FemBE E B (ANF HFR 202 8] 1) 7 S R).
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Table 7 Comparison of different methods for solving sample insufficient
i i) 7 W SORIE T3 s R R/ HE R
o ap A AR 400, iefs. BgmiE. AT SR A . RORAR, ¥ AR A
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[47] I GAN SRHEAT REAEAR A AR AR LRNEIRNEE SN
FEI I A A
, ) " o T £ 4 T TRl TR 88 25 SRR ) 25 VEARERE 5 H bR R A
[16, 41] 1 H ImageNet HHiE XS £ T 28 14T Tl 25 SR e R A o
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