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Fig. 1 Comparison of the results of the enhanced Lee filtering with different filtering windows
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Fig. 2 Typical samples of oil spills and lookalikes from the sample dataset
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1.2 7%t #Y Faster R-CNN 7442 W 442 A

fE/DIZEER T Faster R-CNN i 25 () 4% A5 76 351

AR SRS ARG T R R ek A, AL R
fIF#EBUZ . RPN(region proposal networks))Z Fl £ Fil HE
[H 2 K oy 28 2 A — M 2 v, SRR AT LATE—A>
TREE 2% 2] RIRESR TR SE BURRIE BRI . 4328 D) e i EAE IE
HYBEAS T 2, Faster R-CNN W28 SR T 430 4 45K
gr: BERUZ . RPN M2 )2 | ROI pooling )2 LA K
Classification JZ2 ., B2 EZH T B | b 5Ed
A BARIE IR . {3 RPN W £540% Selective search £
1858 B Ao e ME AR BT ¥, SEIR T I 8% 1 i 28] g D1 4,
PR AR T T R IAE LR BEAY S . ROT pooling JZ UK
AR T B FEAE DR A DU A 26 A 4234 452 SC B H
FRiR G . Classification )2 S B Al A fr)-F- VR 4 ff
i, WL %R ZEYS Soft-max 32 & ik X H
WG, b E bR A 2 5 A BE R ) i [R]
YA A LA ] 051 4R A5 A 1> fige 328 DX 19 067 8 i % 2,
SR IoRG ff 7 B AR AE o DRI Sk FH R A Sy
B EME, SOk EGE R R Conv2d PRETH S —A~
SHOALEN 1.

A 58 BT XTI T R R 24 . KA —H
SAR A {7 M LU AR RTRAIG MG 50 52 2 i e i,
T —Fh 5 R SR S FIPESR Y VGG16 M4 PRI
FURBRURIE . VGG16 M SEE D, 45H—3K;
BR300 128 3 B B AR TRk 1 o 7
&R, TEPRIEA M RERZ BT, =27 T
WILE TR BE, TE— R EE 4T T RRE SR U OR,
WD T RCE SRR, AR TR IBUS A R 2 1R
fIE o X Faster R-CNN 4t 25 %] 45 452 70 G HE A BEASL B,
i I Soft-NMS Xif JEABE 750 v BR DA fry A Al A (L0 o 57

NMS #EATRERT, Sl e T H ARG I HE [H 5
75 i T SRS ) 45 SRR 88 R AT ey ) A

NMS #3%:J2 Faster R-CNN %y 8 19343,
W ey R A £ 47 2 & ¥ 10U (intersection over
union) A THHE, A0 L i B FE KT A 0 (D) sk A U A
B EICT S SRyl v B E B A TUAY ARG IAE B4 2
T e AT R AE JL b 5 b B, AR 580 NMS Sk b 3
AL R

IOU(H,C,)<T,

Sx

Se = {0 I0U(H,C,)=T," @
L), S, NE x A AE BUHE 9154 H NS5
KRG A= BAE, C A4S A BAE A SE B B C, B x
AKEAE, T, B —BE A BE ., 55 NMS R T
B2 1) 1) 0BTy 2 s 5 R 408 A A A ik
HE, 3Ry 0 ) AR T (R A, A A
HE P A [ 2 2 DR 43 S 1 Oy 3 580 H AR AR Bt
R, 3 ARSI 25 SR B BT Befli L Soft-NMS 55
e, BT AR MAE A5 R A 5 S 55 b R Y
S, Soft-NMS B vk iy AR M
{ S, I0U(H,C,)<T,

S = s,[1-10U(#,C,)] 10U(H,C,)=T,’

X

3)

1.3 BP ALi#2Z W &AER

N T 28 ) 245 DR EGA e 0 ) R P i £
2 31 U G BE 3% AN 22 9 s TR I F 9 A 60 32,
Ak FAR I 121 BP A T 2 190 46 52 1 A
MBFSE . BP B W 4 5k I 4 F 7z

BP 1 25 9 245 1) A2 B A K08 188 R AT 1)
(924, HVT A5 B ARG S R s e 1 32
B R N A B — e o S PR A SRS P A S R
K . B IR R R B 2 AR E & BP

106 TEERE /2021 4F /55 45 & /45 5 0



HEIRkE REPOATS

S K

Bl A

a2 i 2
(iP=3 (=

Kl 4 BP #& M2 45t R &
Fig. 4 Structure diagram of the backpropagation (BP) neural
network
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Fig. 6 Training performance chart of the BP neural network
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Fig. 7  Oil spill detection results of the improved Faster-RCNN model
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Abstract: Oil spill emergency work needs to detect oil spills accurately in synthetic aperture radar (SAR) images.
To reduce the influence of human factors on oil spill detection accuracy in the SAR image feature extraction and
selection processes, the Faster R-CNN model is introduced and improved in this study. Because of the various
shapes of oil spills and the complex background, the VGG16 convolutional network with consistent structure and
strong practicability is selected to obtain the image features. The Soft-NMS algorithm is used to optimize the Faster
R-CNN model. On the basis of the same dataset, the most frequently used geometric, gray, and texture features of
SAR images were extracted to build the backpropagation (BP) artificial neural network oil spill detection model,
which is compared with the method proposed in this study. The experimental results show that the detection rate of
the improved Faster R-CNN model is 0.78, and the false alarm rate is lower than 0.25. Compared with the BP arti-
ficial neural network method, the identification and detection rates of the improved Faster R-CNN model are in-

creased by 4% and 5%, respectively, and the oil spill false alarm rate is decreased by 5%.
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