846 & 2 S D2 M- N 1 M = A < Vol. 46 No. 8
2019 4 8 H COMPUTER SCIENCE Aug. 2019

E T YOLO v2 BIARAH B Fta il 77 %

F ¥ TR B =
(MWMEIAFZHEILERR IRE¥K

X #1=
B 110159)

W OE A BaBRRRRen T SEGDBAREMNERFK RA SRR ZGP M, R —F R YOLO v2 £
EAAEARE R AR, AF AFELERE MALSHAE WMABRSERETRE Z EE4% YOLO v2 B
FHATRE A LA BT B AR B AR RIE S, MRS R AW, EMABER T A 416 X416 B E A EWG T
5 # % (mean Average Precision,mAP) 1% 2] 79. 1% , 4 M i& & A 64 W /s(Frames Per Second,FPS), Ff 3% 7 ik 7T i#% &
SEa A 69 % T, AR N B AR AL & SRR S,

KW AsAh A ARAD, B AR, B R 2 W%, K3 YOLO v2

hEESFES TP183 XHERFRIRAS A DOI 10.11896/j. issn. 1002-137X. 2019. 08. 055

Ship Target Detection Based on Improved YOLO v2

YU Yang LI Shi-jie CHEN Liang LIU Yun-ting
(School of Automation and Electrical Engineering, Shenyang Ligong University, Shenyang 110159, China)
Abstract Aiming at the problem of low target detection accuracy and poor system robustness in ship image target de-
tection,an improved YOLO v2 algorithm was proposed to detect ship image targets. The traditional YOLO v2 algorithm
is improved by clustering the target frame dimension,optimizing the network structure, multi-scale transformation of in-
put image,so as to better adapt to the ship target detection task. The test results show that the mean Average Precision
(mAP)of the algorithm is 79.1% when the input image size is 416 X 416,and the detection speed is 64 frames per se-

cond (FPS),which can satisfy the real-time detection and exhibit high precision and strong robustness for small target

detection.
Keywords Ship target detection, Target detection, Convolutional neural network,Improved YOLO v2
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Table 1  Performance of Darknet-19,VGG-16 and Alexnet network
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Table 2 Comparison of mainstream detection frameworks

mAP= (2)

Detection Frameworks mAP/ % A 3
Fast R-CNN 70.0 0.5
Faster R-CNN VGG-16 73.2 7
Faster R-CNN Resnet 76.4 5
YOLO 63.4 45
SSD500 76.8 19
YOLO v2 288 X288 69.0 91
YOLO v2 416 X416 76.8 67
YOLO v2 544 X544 78.6 40
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Fig. 1 K-means dimension clustering results
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Table 3 Frame comparison of YOLO,YOLO v2 and improved

New-Model
YOLO vl YOLO v2 New-Model
Conv7/2-64 Conv3-32 Conv3-32

Maxpool/2 Maxpool/2 Maxpool/2
Conv3-192 Conv3-64 Conv3-64
Maxpool/2 Maxpool/2 Maxpool/2
Conv1-128 Conv3-128 Conv3-128
Conv3-256 Convl-64 Maxpool/2
Convl1-256 Conv3-128 Conv3-256
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Maxpool/2 Conv3-256 Conv3-256
Convl1-256 Maxpool/2 Maxpool/2
Conv3-512 Conv3-512 Conv3-512
Convl1-256 Convl1-256 Maxpool/2
Conv3-512 Conv3-512 Conv3-1024
Conv1-256 Maxpool/2 Route
Bottom Conv3-512 Conv3-1024 Reorg/Route
Convl-512 Convl-512 Conv3-1024
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Conv3-1024 Route Conv3-1024
Convl-512 Convl(64) Convl-24
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Conv3-1024 Detection —
Conv3-1024 — —
Local — —
Dropout — —
Conn — —
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Table 4 Network parameters
Parameter Value
Momentum 0.9
Learning_rate 0.0001
Steps 200,1000,10000,15000
Max_batches 25000
Decay 0.0005
police steps
scales 10,0.1.0.1,0.1
batch 64
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Fig. 2 Visualization of evaluation parameters for network training
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Table 5 Results of the anchor box regeneration scheme

Anchor box 4 & % %  Anchor box ## Avg IOU/%

Faster renn 9 60. 9
YOLO v2 5 60.1
New-Model 4 72.2
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ek L MU — 28 TU AT 936 BUZ R AR 2 BN T L E )2 Sk di ke
BEARARAE S smd/ B AR 9207 . B 6 AT, i itk R 4
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%6 YOLO v2 % 4% ol F 5 )5 1 P 58 X 1
Table 6 Comparison of performance of original and improved

YOLO v2 network

Model mAP/ % A 2
YOLO v2 416 X416 76.8 67
New-Model 416 X416 79.1 64
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Fig. 3 Performance comparison of multi-scale networks and

single-scale network
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Table 7 Comparison of test results

Model Detection time/s — mAP/%
YOLO v2 416 X416 0.015 77.9
New-Model 416 X416 0.016 79.1

K 4 BRT YOLO v2 M 2& F ok 3 M 4% New-Model 1 5
A0 B BRI 0 E 4 AR A R g5 R . TT LB B, New-
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v2 B9/ B ARG I 15 3R R 55, New-Model 46 I 4% 5 8 4,

(a)Yolo v2

(b) New-Model

Bl 4 YOLO v2 #l New-Model 75 fifi 1 K ] 04k 45 L it 46 ) 225 2
Fig. 4 Results of YOLO v2 and New-Model on the ship

detection data set
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