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Remote Sensing Image Object Detection Based on Deep Convolution Neural Network
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Abstract; With the rapid expansion of remote sensing image data, how to identify typical object efficiently and
accurately in remote sensing images has become a hot research area. In order to break through the bottleneck of the
accuracy of traditional remote sensing image object detection methods, this paper proposes a deep convolution neural
network method to detect remote sensing image objects, and uses the Faster-RCNN neural network model to train
VGG16 convolution networks on remote sensing image datasets. The input remote sensing image is marked with the
bounding box and confidence level of the object to be inspected through the region proposal network, thereby realizing the
target detection of the remote sensing image. Taking aircraft and oil tank as examples, this paper realizes data
preprocessing, network training, object detection and other processes under the TensorFlow deep learning framework, and
achieves relative high detection accuracy and confidence on the current test dataset. The research results of this paper can
apply to remote sensing image interpretation and remote sensing image processing.

Keywords:deep convolution neural network; remote sensing image object detection; region-based convolution

neural network; deep learning; TensorFlow framework

s B #3:2018-08-01; 1€ B H #7 : 2018-09-08

ESWAB - EREMU KR 5 H (2017YFB0504202) 5 I i i K B 42 41 8 £ 4 51 H (SAST2016006) 5 # b 45 FI 28 Bl 2% A 4 0 H
(2017CFBA33) ; 55 At 2 155 AL PR ) Jb A48 T A 52 56 38 O R0t K 2% (R0 ) I R 4 (KLIGIP-2017A09) 5 25 M) 8046 42 4 5 15 B L 2 U &
TS0 B (AR N R 28D IF IO 4 (2016 LSDMIS06) 5 33§ 7 2 [ 475 B TR Ak 5t i 5 4 50 50 2 48 9% W B 0 H (2017209)

EE BN PMFERE (1997 ) , B ARBL, = BHF S Oy 1)y Bk 25 K Hode 2 M TR BB 2 ST A

BIEEE W E R A979 L%‘.EU?&%&.IEm%ﬁrﬂ%72;ilﬁ%ﬁJ@NEME\3laﬂﬁﬁ\ﬁ&%&t&iﬁﬁﬁml%%o



PIVEF R L 45 25T TR R 26 UM 22 190 2% 1 8 B 1R H A Az D 19

% 35 4 2018 45 5 1
0 5%
iSRRI .09 FR WA 57 DL B

BT R AR AL PR S B OR A i RO
FA B2 T A g | W R 5
AL B 3 ik FH b TR A 4R . A% 8 1R B AR B AR S
5 1k — P T R AR AL PRECA L ) LA e ik 2 XL 4
PRYEFE AR H] AR BSER T X VT C A4 07 7R R
AR %5 B R TR i . 0 i
R AR R S 2% o A DN A 7y 25 R 2003 AT 5 X LA 3
J SR IO T v X A 0 O R AR Y R I AR
oK+ TR IR 4 ARl 22 I 285 A 52 80K DN AR 531 45 ek 3 T
AR % M 4 BEAR b i » MR R SEAR A 2L
A AR IR R R AEIF BEAT U 2R . F RS X R B0 4% b 4
fE JLAR 26 28 B 90 265 A Wy = 2] AL A - e 2445 21 H A5
(e J2 TR B AR AR REME B A I S AR R i B AR, AR
SCHE T IR M 22 W 2% L Bt T — Rl g B AR H
PRAGIN 73k L IF L TRAL b EE AR D 4] 2 7 —
PR 38 IR AR B A 0 190 265 o 7 0 3 0 8l 4 B A
R Y R RN S

1 #FRIR

TR 25 BB 26 I 2% 2 3 A o VR B 2% ) I
FNRAR 25 UM S — D E R R . B
P25 I 2% g AT E W ) 1998 AF 4R Y LeNet-5,
LeNet-5 &85 — A4~ £ J2 45 4 d 22 W 46 #6580, =l
ot BRI R AL BRI 5L g 4 ik B
MW 4 AH L, LeNet-5 38 m T 45 L2 Ak 4k )2
(BERFEZ) . B RUZ M B AR UE 4T 3% 1% &R R AF 42
B, FRG— 2 530 3% 2 H S 80t = BERE T Xt
B AR RRAE (0 78 4 $2 B, A HL D T S BB
it A0 2 AR T B B R — 2 B HE A R AT R
TR WKW E 2, SR, #4855 Br B H
Bl 5 W45 S5 TR EE IR, SR B i S £ . TH
B A2 6 T B A R R T A fE O sk = K AU 2k
BOPE A I 2k b 2 F B A B4 ) 45 A5 R
YNGR A3 09 2 80 S DI 2R 80 4 1 R B R AT,
e H AL B DR — M Ty R AR, R T
N HINTON %90 F 2006 45 $2 7 % 75 U 2k
Z: Rk AT B 25 04 0 B Ak s 3% 07 i EL BB AL
GACTE I 25 2 50 7 ik s R ar . BE A T E AL
B B R 0 2 RO L DL R B LAk R

AR AW R IR S S Mgk T
KIEE W, 2012 45, KRIZHEVSKY 2 &3 T
AlexNet 5 78 , ] — Fh & 37 28 P 570 (ReLU) K i
P B R ] f, LA Dropout™™ IE W 4k 4% A By 1k
o LA FE A GPU AR S I 2% Y1 25k 0 6 4 11
BT, KR BB T U SR . i R0 4% B R A
ImageNet [ F 73 25 b B8 b g 48 52 88 L 26 06 [ 1K
#}15%., Hl®E HREEBRME A VGG16,
ResNet, Inception . Xception 2,

TR 4 BURE 28 W 45 BOBR AE 52 A5 4 25 IR G
CUB N Sy N R (N < E I T L e A N 4
SR AR T B A R T R E bR A
LA e OO RS N ORI oy AR L TR S ]
A RMES 5 [ s T AR A A B 1R U B R
18— TR EAR AT RE A7 AL A R R0 (9 2 80 B A% anuf 7
SRR BR A B 2551 DL A B I X i b o B br
FESZAG I B o A0 1R TR A FR it 28 I 8% T 1k fide T
FOMER, 7EES 50T . GIRSHICKN #2 MY 1 X Jf 4 F1
PIZE W 4% (RCNN), RCNN # b A% 48 H b5 4 1 )5
e, 3 R R TR DU AE B R R, L PASCAL
VOC $o 4 4 5 6, & 00KS B2 A 35. 1060 4 i 21 1
53.7%,

{H RCNN 47 7€ 40 T [m] 5 : 1) 4 3 X 35k 5% 44 Fil
FEBEIC ., 23 FE it A8 25 1) 5 20 A 3 DX 38l 35
A BRI Z W 45 (CNND T3 A7 76 K 8 & X o, 8
S HEATRAE SR IS IR TR WE R . % ik, GIRSHICK A
BATE JFA SRl L T Fast- RCNNW ' H 454 15 31
RS I R X B R ) R /NI — R 4R A R A
I CSiArS S SONVE R BNy RS T LD
(0 i 3 X S B i, B R T I S I R

Z Ji» GIRSHICK W BA X #& H} T Faster-
RCNNMT A i, RCNN I Fast-RCNN, H i 4
ETHEBRENE 4 DL RS — 1 — > W 445
e, H bR REAE 5 AR T — A TR A R 4%
i VGG16 . Inception. ResNet, 7F & ik HE 4E % F1
28 ) A Wy b R SRR AR S 40, R R WA T E E 1)
A R DX A R D 5 R e i X3 BE R, i —
Ao TN g A B L S T 5 GPU 1 58
S R B O E L PR A bR AR I 5 ik
Z—.

RCNN ) & b &l 1 s,



B o X

20 AEROSPACE SHANGHAI

%5 35 % 2018 44 5 1

1% X 484 i (selective search)

fiR 3% X 3R A= i (selective search)

LSRR ER -+ X S8 AE (RPN 7 i)+
RHTUAE

TR RBEEBTRME ML) | | TSR E+ 4 2+ TRHE A B 2

R (REBRMZRL) PrE#f5E
432(SVM) ()

R-CNN Fast-RCNN Faste-RCNN

E 1 RCNN % REiTi2

Fig. 1

2  HTF Faster-RCNN By B A7 40 7 3%

2.1 Faster-RCNN B 74 i i 72

Faster-RCNN H#A5 £ U 2 # 7 20 AW F 4 A~
R

DA CNN X B R i 47 R¢ AF 52 3, 2B B R R
K (feature maps),

)FEA TR 1) A B R AR Al b DX 7
[% #& (region proposal network , RPN) #f 47 fig 1% X 3k
Az B IZ M 26 1T softmax 0 oK EI0E 5 44> g 2t HE
HhuC B s Canchor) ) 3% i VEAE T8 T 75 5o ik 2 H
i o P38 2ok AT [B] 05 X6 i A 18 TE 2R 154 1 1Y) o ik
HE (proposals) ,

3)Roi Pooling B3R5 43 D .2 =4 m
feature maps Fll proposals. Z& & 5 i & A B A A \f
A H bR 18 38 43 K 12 EB 43 A It 1] v B A 6 7 L AR
A proposal feature maps, ¥ A & E#)Z 17 H
P T TR 28 D31 4

D) LT E AW L B 3) AR A BEA propos-

Development process of RCNN

Faster-RCNN W 2 . YE~ Faster-
RCNN HAnKz I Ak 8y 2 A>T ZEHH 5, CNN
1 RPN 43 51 f de 7 B b5 52 A4 Fi B dr 72 B B Y

[F)

2.2 CNN &4

CNN B 2 2] J7 ik 3] 1% B2 18 H br ke
)25 385 7 3L 18 RN A R LAt )R4E CNN 7E 3 #RCNN
FP I 7 RN L AR 5 K W A N TR R AR R 38R R AT
WK AE 5 BRI 25 . CNIN 25 44 v 9 35 2 20 10
SHFE G RUZ Gl E AR G R, DA
WAL B VGGL6 W 2% Sy f5i) . 345 #4) 4n 1] 3
FE7R o

B RUZ T B R FRAE 4 5, S SR T
FUZ W 4 iR . BBAE—IR 5X5 R bk
MZE B4 EAE T 34T 245 BB K A R
) —A~ 3 X3 F XM RFAE 3 A o i il s 480 h i) — A
I R S 5 = X/ N RS SN N S (T S R 1
pIvES R N NI S AL O S S B N < NG 157 S 1

al feature maps 285, 3 FF K 8 33 46 JE HE [0 19 315 SR BAR S RS A T Y 25 R
SR 0 A TEHE 521 A R o R IR F o 22 900 10 2 MU 10 2% 591, 500 22 5930 i %
HRZIREUFE
WAEB Resize B4 CFI B BB
PRE 25
H#rar3
IXIZBH - ¥3EE ¥ Proposal —»Roi Pooling— %82
o RERE 0, I A [F] )
Ix 15

& 2 Faster-RCNN ifi 72
Fig. 2 Flowchart of Faster-RCNN



2 35 % 2018 4E5 5 11

PIVEF R+ 45 25T TR B 265 PO 22 19 2% 1 18 RO 8 1 A A 21

B R R e e

M

\i

AL ReLUBIERE BRE bR

1 1 11

B3 VGG16 ML
Fig. 3 Network structure of VGG16

11]2]4

SRR

sl2f1]o -1fo] -4

21]3]4 o[V |
A BRI Lo

PR (~1)x1+(-1)x1+0x0+0x4=4

B4 BREREE

Fig. 4 Schematic diagram of convolution layer

JZ 6 B AR BUR 56 A o e Ak P i) JB 4095 SRR R
@Y H bR G255 Tk B4R 4T H AR FRAE R H A9

WAL JZ SRR A R A L 7218 BUR R 2R IR S 5L
Toim MR A A B2 (] IR R AT R T 4 48 B
fiE o A It A A 512 AT e R A 1k 11 2 3 £
W EoRM A R B E S R Ho RF R
2X2 Wy ug s LA 2 9 KAE S A REAE 1] B b AT i
B B E R AR 2 X 2 DX 3R A A {4 A R AR
P+ DT 325 28] A 2 MK R B M 2 B AR AR 9 L Y

1|1 2 | 4

B R H22.
S 2B A, > : n

3

5 1 1 8

3 2
2 1

5 RAMETER

Fig.5 Schematic diagram of maximum pooling
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