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Abstract

Aiming at the problem that the effective pixels in the image of marine ships account for a small
proportion in the total pixels, a super-resolution method based on target detection network is
proposed. The method consists of two stages, combining with the bicubic transform, to restore the
sharpness of the image from coarse to fine step by step. Firstly, in the first stage, super-resolution
regions in the original image are detected through the target detection network. Then, in the
second stage, the corresponding regions are adjusted to the specified resolution by bicubic trans-
formation, and then the image details are enhanced by generating the countermeasure network.
Finally, the experimental results on the self-built dataset show that compared with the traditional
method and the existing super-resolution reconstruction algorithm based on deep neural network,
this algorithm not only has the best visual effect, but also improves the peak signal-to-noise ratio
(PSNR) of the dataset by an average of 0.79 dB and the structural similarity (SSIM) by an average
of 0.04, which proves the effectiveness of the algorithm.
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Figure 1. Marine ship image

E 1. 5 EAARETE

H AL S0 7 PR FRAE B AT I A AE LU A 1) Tz B s LA B AR SR AR B AR R BT o5 L A
B, K BENM P IFAR IR R S XK, R EB T GRARIN, K718 B R A
BV HRKXI, AFEEAEREH SR, THSITRERR T 2) 72N IR 2] BOR 1 7 HE R 5
A, R SR IEMR AT 22 2], W EA A G AR 2 P 4 AN BEAT 2 ST UA B PR ARSI, T AR AT AT
RETEHRIR R 2 R AE SR AU A ARAE, T TCVEA RO AR R AT B . BT LR RUR A, A
B T RS N R0 2% (16 3 R B

2. MREREIR
2.1. BIFRENEE

FI M AlexNet 7 b ZE i FH A AR 20 X 25 3k 1T KR B 3 v 1 M e R, (B 23 25301 IR
FEF N H B BRI . X, FEAMR RS —J2& 45 A region proposal. CNN /%%

DOI: 10.12677/jisp.2019.83017 122 EIE 555 A #


https://doi.org/10.12677/jisp.2019.83017
http://creativecommons.org/licenses/by/4.0/

kA, ZERM

(K1, FEF5r2500 R-CNN R 5 HARKHIHEZE (two stage)s 73— SRINZRE H A 00 e 8t Ay [m] U4 ) At 432
(single stage) [3]. A FasterRCNN Hy7:2 H 5T 0 H bRkl 522 —, (HJ2 sl B B IEANBRi 2 SLrT 1
R, BJE HBUR YOLO, SDD XS HuE M & th HAE T B E A IR3 . YOLO [4]535 I 4% UL it
FWEIEL: T GoogleNet [S]MfA%. O BAE, B IR X b SEPL T o B 1) B bR RS, HURFE T3 BRI 34
YOLO R LA cell Jyrbtafl) 22 R FE X 3 HUAL region proposal, 4535 7 — ek B DA e BRI 58 B2 Fr) K i 4
Tk, A BT LLIAF) 45 fls, 2 DL A S B R .

22. BOPEREE

fE4E11) SISR W A FEFE THEE I S, JE TSR Bk I R4S, (H TR 2 S AE T N LA
AU TR e, NATT S AE 2 28 n) b 5 N TR PE 22 X 2, 38 Tt A Sl o8 2 O PR I % A T i 281 i
RN SR i e PR A HE 43 3% 2R B 782 ] 753[6] . SRCNIN (super-resolution convolutional neural network) [7]& ¢ -
18 IR L5 21 J7RAE LR 55 HR 2 8] 3 73 3 i S (4 SISR SR, JAy N G R AT 1 8 B AL BE A 5 25
Ledig 55 A[8]2= T GAN $H 1 —F Fl T EGRE 73 3 (9 A ont S0 2% SRGAN, e A jl U A 1 4% 14
LEPAT, RORBGEE R . BT A E R o RE, FEH TR R BME R X R
e PR IR [9], WSS % pix2pix [10]H) 5 ik it .

3. ETHHFRMMERBIRRERFIRE

AT AR Y e — AL T F ARSI SRE R, [ ROAE TR U0 H R v P RO R A XA, T
Je RS R RE DX IRAEAT 2> B TROR, AT > S8 AT B IA], S84 0 3 2 H b DXk MR R 3A At
B, ASCHITT IR B R BE R, s 2 s

X T T(X) - - (xy,hwe) X

C i

B+ bmublc?E?_ﬁi” 4 bicubic3gi
ke A |
“Y EX’ R v T

Figure 2. Model structure
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Figure 3. Anchor Candidate Box
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Type Filters Size Output

Convolutional 32 3x3 256 x 256
Convolutional 64 3x3/2 128 x 128
Convolutional 32 1x1

1x| Convolutional 64 3x3

Residual 128 x 128
Convolutional 128 3x3/2 64 x64
Convolutional 64 1x1

2x| Convolutional 128 3 x3

Residual 64 x 64
Convolutional 256 3x3/2 32x32
Convolutional 128 1x1

8x| Convolutional 256 3 x3

Residual 32 x 32
Convolutional 512 3x3/2 16x 16
Convolutional 256 1 x1

8x| Convolutional 512 3 x3

Residual 16 x 16
Convolutional 1024 3 x3/2 8x8
Convolutional 512 1x1

4x| Convolutional 1024 3 x 3

Residual 8x8
Avgpool Global
Connected 1000

Softmax

Figure 4. Convolutional neural network architecture
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Table 1. Test results on datasets using different super-resolution methods

# 1 ERATFEBAHRGEEREE LAMKER

Hik AR Psnr Ssim Time (ms)
Yolo2pix 24.549 0.791 77.8
discogan 23.401 0.724 13.2

pix2pix 23.891 0.731 12.9

pocs “ 18.948 0.631 2034

bilinear 23.266 0.752 8.8
bicubic 23.864 0.777 13.6
Yolo2pix 22.791 0.715 78.2
discogan 22.031 0.647 133
pix2pix 22.154 0.652 13.1
pocs 0 17.549 0.581 2154
bilinear 21.815 0.682 8.8
bicubic 22.148 0.699 14.8
Yolo2pix 21.746 0.675 78.3
discogan 21.050 0.627 13.3
pix2pix 21.047 0.636 13.2
x16

pocs 16.758 0.532 2253

bilinear 20.958 0.629 9.6
bicubic 21.241 0.645 15.2
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Bk — D KR 5, R T A 0 PR 0L, AT R . (B 95 3 2 A LA 7E
I B8 A BT o A 2 s IN TR

DOI: 10.12677/jisp.2019.83017 126 EIE 555 A #


https://doi.org/10.12677/jisp.2019.83017

kA, ZERM

N T ELHT B AR ROCR R A S0 0 A2 i BRI A 0025 R B SRS x L, S35 R n ] 5.
6. 15 7 s

(b) yolo2pix (c) discogan (d) pix2pix

(a)RE

(e) pocs (f) bilinear (g) bicubic

Figure 5. Comparison of results of different super-resolution methods at 4-fold scaling ratio
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Figure 6. Comparison of results of different super-resolution methods at 9-fold scaling ratio
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Figure 7. Comparison of results of different super-resolution methods at 16-fold scaling ratio
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