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BRI Z LA 20 20 80 F 90 A-AR[A] H B1
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A AR 22 I 265 14 FETGE vh fie HAT AR PR R 2
1 B 2 TR 2 R 2% ( super-resolution convolutional
neural network, SRCNN) 57417 5 PRt 3 B 45 B
P25 M 4 (accelerating the super-resolution convolu-
tional neural network, FSRCNN) & "™ H i SRC-
NN ST 4 AU 28 00 2% 1 PRI 4508 70 9% 1 1 1,
W 3 JZEBUZ R LR-HR BB C R,
J R AT e B R ) 208 % S AR, 0 288 ] LA DL
P4 PR BSR4 SR B LR Bt 1) 2% R i
O RIS YNGR B T AR RETH R BGRB8 1
IPEC S IR, He %5 N1V 7E 2016 4R 4 H T ok 22
BFAMZ M4 (residual network , ResNet ) fftk 1 it 7l
B 27 A PERE AR B T 42T, Kim %8 AP 2
TR HE (very deep super-resolution, VDSR) %5
5 R R ZE M IR T R O MR L
fifp LR Y 3 R 0 2 BRI U S E S B TRI R, il
WFFEF T, A0 R A BRI 45 40, 25 H2 30 g AR J2 A

i 3 P = 22 ) R A, U P 2 ] LA TR A
i AR HEAT I, B AR % 45 Y (densely
connected network , DenseNet ) 5t J& X FEJR 4% T B6 B
THR M) s 1 R R A2 . R L Ak 2%
POZERHABL, 5 22 M 282 TNk 22 BREAT 900K, A1
FRIEV AT TR AU, B — R S AR th A 2
TESHT— )2 4FEZ Fl, 10 DenseNet J2& 145 T4~ %
BRI, AR HE T ERA N B2
i AR A 2 R AR S T A 2 AREZ A, R
TH B L)%, DenseNet AR LR 22
P 2 TG

1 B R A %
1.1 EREGRESR

ASTC R T3 % 19 2% 0k A S 2 SRR 5 i I
BORALBIRANP 1 P

m P _
wmam] [l wm [ e | wean [regs] | BHEE
fan | TINW gt gl " B

| s
RS
W n(x, )

1 EREGEUER

i TS MR 32 B RS R R R G B
BRI A SR AL R N EE A VR TR e PRk B
PR BT IR RS, R AIB RS h(x, v)
SR i s RS BT RAB I EIE,
FHRHI RS R G, 30 15 5 e 0 A1 17 B0 E 1
IREEIR  HACA A,

g(x, y) =f(x,y) *h(x, y) +n(x,y) (1)
K, fln, y) @ PR REG, h(x, y) &
BABILRSGE, n(x, y) WA, g(x, y) JRSBRIRH
IR ENR = " IRREG B,

1.2 MREHR B

FIRTE VDSR Hl DenseNet 8 3 HE R £ 45 1% FH
T 91-images B¥ 291-images # # [ & 59 09 % (4 14
PBAE B4R | 3% 28 UG IF A4 3 AT AT 2 SR BT 15
HEIREBAIR L R G5 R A BB R, Ho i 2%
PG & 7 R A -t bRt | b 25 4% i) b T
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R R M 2%, ik B 28 5 an 18] 2 BT,
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= EEH
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R DMEE,
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UM EH 8 N ERZE, HiX 8 MERZENEA
JEHR 5 FEA T B T AT TR AR L, R

layer(k) = f( zlayer(i) x W,) (3)
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IS R

XEERZ BT 3 x 3, R IR 80N
16,24 T &S SRR RO PR A BT 4]
BuihZe i 4b 0 5T, BFERSE (Padding) 9 1,
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LI ZRA S USR], Re LU bR B R PR
ReLU(x) = max(x,0) (4)
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PReLU(x) = max(x,0) + min(ax,0) (5)

K a AE/NAEL, PTEL0.01, %4 x =0 I}, PRelLU

PRELS RelU PREMEHE N ., {H PReLU AL HL ReLU

PRELZ T — min(ax,0), 24 x < 0 B}, ReLU PR

0,10 PReLU BREURE — RN o Hid JF A E

2. PReLU pREXHBIN T #1800, M4 H 3 &

ST — S5 (A AR Rt TR 2

1.4 ZFIHN A
DenseNet [ 2831l 2k (1451 2% R U IR L, S5

L, BREC, L, YR s B ] fe /N XA 1R 2%,

S St A H AR E S AT 4 25 22 i s

b L, RGN pR R ) e/ NT- D5 1R 25 B SR U
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LUJ>=;IMhD—ﬂhDI (6)
Reft (i, ) RSRE ARG, (7, ) K
JRHIENR ., % L, JERGAT R IME I, TS 19 %
B AR T bR A R EIR

AR AL 05 9% R JTT Adam (1AL 25 , 22 2 — Fl
AT DA ARAL Se Bl HLAS B B (stochastic gradient de-
scent, SGD) iIFFEBE L, Adam B FIAUF .

_Blmr—l + (1 _Bl)gt

m, = .
1_31

b = By, + (1 ’_182>th (7)
1 -8
o m,

0t+l = 0t -
Jo + e

K, B, B, WSEL, 43 5HL0.9 F10.999, g, & ¢ B
[P BB EE | m, JEXTRR BE B — B RELAG 1T, v, JE XA
JER B AERG T, & BU10 B IEBRECH 0, o NHIIR

FAEGE 0 BE AL BE N B[R], Adam 5535 78 1)1
St AR v S TSR B O — B A T B A
TF, ShAS MR #2728 AL e R BEALBE BE T e —
ELORAR T (1927 2] ST BT A YA . Adam 533k
AT LM B — UGE AR Y 2 2] BERTE — A B0
HYIZE R . Adam FIWIIRF S % o NG
B 2 2] U U 2 AR B (B U S R AR 5
BeAFat /N FEOIGRI R, BXF S RO K
PRI, AR SCR BRI BRI R 27 >0 %2 0. 001, L K(E BE
AT LAGRAIE S 2] B | AT ARSI, 2R

2 L5 HRMN

2.1 WEIGIEITRE

ARSCHE M S5 M85 Intel Core 17-7700K
CPU@4.20 GHz,16 GB INfF,64 i Ubuntu %%, GPU
h GTX1060 , TR B2 2= I HEZR i ] T TensorFlow 1. 10,

YIZRREA FH A AE B AR RS 20 000 x
20 000 ARG . b T 48 i Do £ D1 3k B I
PEABICER: X RS/ RS 11 3 B P A 58 S Hb AU
S/INEME BB 20 R ZE #E— 7K 100 x 100 )
R/ NEMG, e 2 A5 3 8 75K R SH R 100 x 100 #Y
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INEUGAE S T 28 I 2Bl 4R . A R e B 40 41 1 2
i, PR MR 4 TERE 90 © (180 © 270 ©, i 4l
RMECESEIN T 3 A%, AR E T2y 2.5 J15K 100
x 100 BI/NEHRAE 2R 4R . B GRie R BA B AR
P2 kL DI ZRAE TR (2 A5 JCRAR) 6 /0N 2 A
) 50 x50, 1A P 4 A ROAR 3 BER A

W25 I 2R AT — UK epoch KZJ 14 min, 2471 5
epoch 5% 35 YK, P4 B 2008, i 23T K
298 h, MZEIIZRid e iR 22 5 kAR 5 F AN
3 s, 0 265 BRI 3 AR I (15 148 LU ( peak signal to
noise ratio, PSNR) 5B R WK 4 Fros,
HEK epoch YN 2 J5 HE A7 M0, 2978 35 RN 2k i)
PSNR {H 3 THE o

0.1

0091
0.08
0.07}

< 0.06]

0.05-‘

0.04

0.03 f|

002f T

Bty 10 20 30 40 50 60
epoch/ik

3 WEKIILZKIRES epoch FIX &

40

35f

PSNR/dB
— ) N
5 S G

—
S

wn
(=}

10 20 30 40 50 60
epoch/IX

El4 MiXE PSNR 5 epoch BIX &

2.2 MBEZULWERSSH
TG4 PSNR fie KIS 1 190 268 1 Ay e 44 g 45 21
HEATIZ S LAY epoch % 35 IR, 7E 5L 40 1 72
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FEAEXTEE, O T SRR R A B eI R AR AERANIE 6 ~ K9 TR,

A
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@ LR {2 (b) 3= UL 5

(c) VDSR

%%

9 F4ABRGBIBBREE

HIFE 6 ~ [ 9 T LI th, 50 =k 2%(H 5 VDSR
S5 S Lo, AR SO B4 31 0 8 4 B SR B 1
SO, 005 0 A A B AR Ok

T WA 32 4 43 T AR 12
PS50 v SR I 0 1% M8 LL ( PSNR ) 125 49 AH 0L B2
(structural similarity, SSIV) g 68 43 57 % 1) I et
WA bR, o s (8) FIE (9) s .

255°M - N

20y, ) =S, DT
Ry (i, ) BIFREAERG, fi, ) HT
SR PG, HAHE % 5 S PR E A R PR A e
9% HCURIEMUIN PSNR LG , W 150 A SR PSR 1Y
R ELIE A, TR A

Cup, +c¢,) (20, +c,) (9)
(Mi +:U43 +Cl)(0-i +0'f, +c)

X, w, w, AVME, o, 0, WIRHERE, o, HHI5
%, ¢, = (0.01L)%,¢, = (0.03L)*,L = 255, SSIM
FOR M ST PR S SR i 53 BE A EUR 1) S5 AR A AR
J&  HIBUE AL 0,1 ], SSIM B 1 Wi &
TR S5 F AR, EE R R AT

ZALSL B 45 19 PSNR AT SSIM &5 573 1 4
FUME2 PR, L8 LRTR, A SO I %5 4 1 1
PO 245 328 % PR 43 Y A i SRR AN IR 2 LG Ll

PSNR = 10lg

(8)

SSIM =

*F1 3 E LA PSNR 3FEE (dB)

ESEEA K= PATE VDSR ARSI
1A 26.73 27.74 28. 66
ERR| 18.76 20.08 20.61
W3 23.05 24.72 26.03
4 25.07 26.30 27.73
SR 23.40 24.71 25.76
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FR2 3 MEEXH SSIM XFtk

EEER W= A VDSR AT
$14 0.821 0.839 0.895
W2 W 0.692 0.768 0.813
%34 0.794 0.853 0.883
W4l 0.829 0. 869 0.904
SEHIE 0.784 0.832 0.874

SETE BRI S L B HE R AR T H At B s
A SRS HE R VDSR 5k, AR SC 8k H: PSNR
W BT 1.05 dB,SSIM FX4 7 T 0. 042,

3 4%

ASCEHE T VDSR Bk M 45 I 2 5 A
MR AR T 1RG4 6 T A e M 4%
B 2 P 45 T (0 B 2 e e B SR B O T — 2
FAE R SMFE AL T M skt [FEE 7R
VRIS PRI 2 2 R Jr T AT T Rt A8 R PR 245 3
I PRECH PReLU PREL, M YIZR T L, #0125 o
B, MU epoch I8 B T K2y 35 YA 2% £ 28
sk,

W 257 ARSI 4 SRR W] | 5 VDSR Bk AR L, 4%
SCHCHE SR T PR I RSOR T, US4y
PREs AL TS FSEVEAE AT (5 B R )
T HER G HEk . BN 545 PSNR X3
BT 1.05 dB, SSIM X3 T 0. 042,
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An improved remote sensing images super-resolution method
based on densely connected network

Bai Yuyang, Zhu Fuzhen, Wu Hong
(College of Electrical Engineering, Heilongjiang University, Harbin 150080 )
Abstract

Remote sensing image super-resolution improves the detail information of remote sensing image, which is of
great significance in remote sensing image processing. In order to further improve the super-resolution reconstructed
effect of remote sensing image, an improved remote sensing image super-resolution algorithm based on densely con-
nected network is proposed. First, the very deep super-resolution algorithm ( VDSR) based on residual network is
improved. Combined with densely connected network ( DenseNet) , the residual blocks in the residual network are
replaced by densely blocks, and a group of densely layers and bottleneck layers are added to improve the DenseNet
network structure. Second, the activation function is modified to PReLU function, and the L1 loss function is
adopted in training. In order to make the super-resolution network have better effect on remote sensing images, re-
mote sensing images are used as the training data set in training. The network converges when the epoch reaches
about 35 times. Finally, the experimental results show that the effect of the improved algorithm is better than the
effect of VDSR algorithm on remote sensing images. The PSNR increases by 1. 05 dB and the SSIM increases by
0.042 on average.

Key words: remote sensing image, super-resolution, densely connected network (DenseNet), deep learning

— 1043 —



