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Abstract: In order to apply the super-resolution reconstruction algorithm to the field of medical ima-

ging and improve the resolution of various medical images, a multi-scale residual network model
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applied to CT images is proposed for the problem of the singleness of the network structure and the
resolution multiplier of the current mainstream algorithm. Firstly, the model framework is built by
cascading multi-level residual blocks, and the convolution kernels of three scales are used in the resid-
ual block to extract the detailed features of low-resolution images. Then, the feature map is fused in
one dimension for feature mapping and data dimensionality reduction, and the multi-scale feature in-
formation is imported into the next residual block. Finally, the residual map calculated by the network
is merged with the low-resolution image to reconstruct the high-resolution image. The network is
trained by CT images processed by multiple magnifications, and so that a model can support multiple
resolution enhancements at the same time. The experimental results show that under the 2, 3, and 4
times magnification factors, the PSNR of the reconstructed CT image is 0.87, 0.83, 1.16 dB higher
than the VDSR algorithm. Therefore, the model of this paper effectively improves the super-
resolution reconstruction effect of CT images, restores its detailed features more sharply, and greatly
improves the practicality of the algorithm.
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Fig.1 Network structure diagram of our algorithm

22 ZSRERER

FE AT (88 o3 PR il B b E Y N L aE
HOIE— A4 B LB UMK 43 90 o AR 0 40 19
fiE AH CT EHMRFRIE R % A5 40 2 FF 50— 1 42 iR
FOBE AR A 25 2 W ol HAR o SO PRAE R S BUM 28 T
PR A 68 G MY R R AR SO
VDSR 583 (0 By b Xof JH B — f R )2 X 488 14 A7 2l
M RE T 2 ROE B8R 22, g5k il 2 e
NCERAGET R Z B R ERN TR T 2R
B 22 2 2 I ) 45 A AR

AR EH TR 1 X1, 3X3,5X5 03 Fh

Kl 2 Z N EEFk 2z ity &
Fig.2 Structure diagram of multi-scale residual

block

RUBE 5 BB XK 40 B 3 CT RIR 9F 47 FRAE 42 B
T o R A A5 R NS L A B 16, 64, 16 1 45 FHLURY
fiE & L8R J5 R H Concatenation #AEHRF b iR FRAE &
G A B T EH ., T RBRIRAER
Z B [R) o 4 v X 4 I I R B, SR B 1 X 1 X 16
1) 4 FURZ N 6 01 5 1 2 ROBERRAEAR B 31T RRAE B
P BB B A o 20 i 5 25 LR B 1 2 RUBE
FRORAE S B F — 3R 2280, R T IRIE 2 R Fy
TE$ B A 0, Fe AT 7R R R S MR 5 i T I
T2 BT PR B PReLU, 3R 22 B Ay A R
FoRWF

Ci=DloW, *I'" +B,)

i=1 . (1)
C, =W, xC, + B,
Cr =2 ¢W, *CI +B,)

i=1 . (2)

Cy =W, *C} + B,

¢ (x)=max(ax sx) (3
A« RRBERIBE, C, FBARE 1 A5 2B W
FROESRIL, €, TR WL RELE, C1 A1 Cy 430 KR
5 om A IR MR BUR B 4E . n R FRAE $E BUZ
4 BB AR SO E 0 =3, W ORI B 43 5 R
) 2 AN FE R 1) i, TN SRR AR S B9 LR
BEEE, o (x) FR PRelu BTG R, 280 o
BLOo ~ 1 Zm /N,

B T AL B VR R AR T BR oy PR, 5k E
R HER B 2E AR B R A AE PR SO 2O
WEMA)E . W TRASEE CT R M &%
FELIRMESBII AT G — X RGEFIT AR ZE



45 10 1 REE T2 RER NN CT KGR > HER B 1009

7S, AT 2 o AR B R~
3 FEBRERER SN

31 EWEE
3.1.1 FEBHRBE

B pr i B AL CPU & Intel Core i7-
3770U @ 3. 40 GHz, [F B # #& T NVIDIA
GeForce GTX 1060 GPU, it & 16GB N 1E, ¥
WA 64 {1y Windows 7 ¥ 1E R 4t . Matlab
R2016a.CUDA Tookit 8.0.Cudnn 5.0 Fl caffe HE
HRAAY
3.1.2 H®HE

JIT B 46 40Kk B F 9 E 52 2R % (The
Cancer Imaging Archive, TCIA) ¥ 5 2\ FF 89 =
SERAR R M AL S CT O MRI AT X 2R 55 4%
FEEA R 2 H CT BERAE Ry A RS2 560 3 11
FEEG, REAF R EEL, RATTERT
TCGA-ESCA £ i % . TCGA-STAD ' i % il
TCGA-COAD %5z M9 55 R 50 1) CT &4 % 3l
£ nE 3 R,

(@REHARS

(b) & i A 5

()RR R ]

K3 Bt 4R

Fig.3 Dataset example

M3 A~ F B K dl £ T o3 i BE HR 200 18 AF S R
LRI R4 5 1 NEEAS R R 1Y KR B
PLEEHC 20 B8, LT 60 i, ZH 50 R4 5 I X 42 )
BEHL RS R 50 v e 5 8 18115, 4T LIS 370 i
3L ARG 3 AN AR . TR X R s
i O B TR AT 4R A A R e By i B
FEAT . X YIZREE TP RY 600 W 23 B3 CT KR 5
PEAT Z2 A5 B0 T RAR AL B, Oy T S, o)
BT 2.3 4 7% 9 SRAR AR BE L 1235 R TR =Kk
AR IR K T SRR Je 04 LB (L 21 H AR 2 B R
SR PR R IR AR 2 9 2 PR 15OA T 7 b 0 L
A1X AT RER R/ B PG B, DL 3 K R 2% 1 k52
ST [R) e 32 RO [R) #9730 g o B R CT IR 5k

TR BY | 5 J5 B AR Bt 1 41 B s A0 43 B 5 i
X 16 A 26 AT I 25
3.1.3 A#%&E

I 2% Y1l 2k B B AfE ] Adam B3k A A AR R S
BB T LU 5 % R R R S B R
(S i | B 5 i 2 o) B Y e S O VAL = 2B [
2 DT ok o 28 AL e 8. FHA AT R oR R

s, =150 (1—pi) g (4)
rl:p2r1*1+(17(02)g/g1 ’ (5)
s .
S = . =
1—pi 1—p5
':\ ’ (6)
A =—e —— ,0=0"+A40
Jr+9

X s, R —Br T, -, 2R . —
TR AR IR AL R 0, s B 4> B RAE T 1 —
AR TR 2 A TR BRI R o = 0.9,
p2:=0.999, 0" RRVIAESEL, 0 RFHIF S,
$K e N 0.001, 0 HTFEERE . B 10 ¢,

P 25 Il g 3ot A v Bl A R 2 2 S ] DU
A A S S SR i T ) e Ak I 4% A
0, Bl FIRE % 06k 43 51 8 2 4 0.9 il 0.000 1,
SR SR P A FE A 2 30 356 0,01, {455 78 Rl 3 2]
WS4 Ty 1l s — BRI 255 WA SR 4 2 R, 2 481 2k
PRBUE T T AR, AR 2 2T SR gk 82l 25, i L A
L BB ) KR 0.000 1 I, B EEA S,
3.2 ZIWER
3.2.1 BAFMATE

R T UL b A A R TR B RO 22 L R
FH 38 FH Y AR 6 3 A B o« 068 {15 4t [E (Peak
Signal to Noise Ratio, PSNR) Fil 45 ¥4 #H {0l 4
(Structural Similarity Index, SSIM) % &4~ 1k
PR 0 5 o0 2R R 2 R R AT B bR A

PSNR J& M 4f8 15 Wi ] A50O0F 07 A5 3R A5 T 19 15 22
Xt PG S5 R AT PP A 1) D 9 H A R 2 A
BRI e Bl /b, % i . SSIM 2
XiF L T R A% AH AL B8 0 T A o v L LA A2 3 T
1 2o 5 R B 422 30 AR 1Y) 1 o0 0 SR IEUR
EATHTT 5 25 AR R

Klwzmxlg[%] .
K Kue BRI TR E, n HEMRGEAE X
8,
Kssa (1o Ty = 2pape e +c1) (28 m +c,) /



1010

GRS RN

o5 34 4

(ui+pim 4c) 0F +oim +cp) 5 (8
cir=(k L) ey =(k,L)", 9
Ao TR T 43 50 360 i I R RN B A s 1) oy
SHEREMG o BRI EUR A ME , g RORE
AJE R, 03 Aot 20510 T FT™ [y
22, 0w Fom T AT B 2%, 01 co HHEL,
T BARFEE S by ko 43 BIEL 0.01 F1 0,03,
L AR R K/ s &5 R .
3.2.2 Rtk 5 547
PR U ibs VNS R el A NS DR R B S
AR 43 730 % T 5 7 X 28 A5 78 3 4 7 512 6 0 3
FEA 38 25 S 5 Bicubic, SRCNNHY | FSRCNN!?

PLJe VDSR4 FEAIEAE 2,3, 4 FHORAMEET
PEAT R L PSNR il SSIM s %f Fe 58 1 fi 2
I o & T B B 2 1A DA 1 BT A UG 43 ) 48
Tk T I B 1 Ak 3 - SA 0L TR 8 A A o I
o GARMMTER LR 2 0TUE, SEGHN =K
TS AR G, BT A AL 8 8 1) CT RR 0 2 K e
T AR A PSNR 25 3 B3R TR 7E 5 dB
ik, 53FHESIN SR etk 5 Mt A S
BE RS T 881 st . R 4E 2 A9 PSNR %
PEAH# VDSR #l FSRCNN & 5 3448 7+ 7 1.01
dB F1 2.21 dB, IR 4E 3 B SSIM % A48 SRCNN
B EETE T 0,006,

£ 1 PSNR #4ExTLE
Tab.1 Comparison of PSNR data
Bl TR AT B Bicubic SRCNN FSRCNN VDSR AR
X2 30.85 34.64 34.46 35.14 35.89
ML 1 X3 28.10 31.06 31.26 32.28 33.08
X4 26.43 29.22 29.22 30.28 31.35
X2 30.76 35.32 35.01 35.89 36.86
Mk 4E 2 X3 27.90 31.43 31.47 32.77 33.62
X4 26.35 29.28 29.23 30.64 31.85
X2 31.03 35.21 34.95 35.80 36.69
ML HE 3 X3 28.31 31.39 31.59 32.84 33.68
X4 26.75 29.44 29.38 30.77 31.96
&2 SSIM EiEXFLL
Tab.2 Comparison of SSIM data
B A T KA % Bicubic SRCNN FSRCNN VDSR AL
X2 0.987 9 0.997 2 0.997 4 0.997 5 0.997 5
M4 1 X3 0.940 2 0.965 2 0.966 7 0.969 9 0.970 7
X4 0.901 4 0.941 2 0.939 7 0.950 7 0.952 7
X2 0.988 9 0.997 7 0.997 9 0.998 1 0.998 0
ML 2 X3 0.942 0 0.969 7 0.970 4 0.973 7 0.974 6
X4 0.903 4 0.945 6 0.943 9 0.954 8 0.956 7
X2 0.987 4 0.997 3 0.997 5 0.997 7 0.997 6
MR SE 3 X3 0.937 4 0.964 9 0.966 0 0.969 9 0.970 9
X4 0.897 1 0.939 5 0.938 2 0.950 3 0.952 3




510 B 5

o AF T 2 RUZ B 22 M 26 1 CT &R 73§ 5 i 1011

T SO M X B R [ R Y RO,
B4 2ZE 6l TARREBEILRTE2,3.4 K
FERCT i T AR, K A% o Bl ik [ A
WAE . MRCRENT LA S G0 B = A
12 A 45 B B R T ; SRCNN il FSRCNN Y &b
B BRA T — =TIt AHLE CT BHZ 1 83
XIAA AR, HA B4 H 8 VDSR 8 ik

(@) EEPSNR  (b) Bicubic\30.88 dB  (c) SRCNN\34.30 dB

(d) FSRCNN\34.40 dB  (e) VDSR\35.00 dB

BARTERIR ESEAMERFEANLZRER,
{EL DA L 5 i K I 4 8 RUJRE 405 4 X L A SO
LA e — 2% . N 285 X)L Bk 5 Rk

JIr A5 1Y e 6% T o ) 4 T b B MOAR 2 BER CT
PG A D 0y R AT o 3 AT 5 ) B o R AR T &
B [ e R A Y PR 00 AR B A AR G A S
I HBA B B4

() RLHH\35.41 dB

F4 2 OB ECT AR 1 R T RCR X L

Fig.4 Comparison of subjective effects of images in test set one at two times magnification

N

S/

(c) SRCNN\32.21 dB

(a) JFHE\PSNR (b) Bicubic\27.31 dB

(d) FSRCNN\31.58 dB  (e) VDSR\33.66 dB

> e

¢

S8/

() A3CHE\35.07 dB

P53 AHORRECT M4 2 A B 32 WU A L

Fig.5 Comparison of subjective effects of images in test set two at three times magnification

(a) JFE\PSNR

(b) Bicubic\28.48 dB

(c) SRCNN\30.65 dB  (d) FSRCNN\30.84 dB  (e) VDSR\31.44 dB

() AXHH\31.92 dB

F6 4 O ECT R4 3w B 32 WUACR A L

Fig.6 Comparison of subjective effects of images in test set 3 at four times magnification

ASCHRI T —F AT CT K88 7 ¥ %
A 0 2% 5 T, T LA ke B AT A TR ) 295 25 g B
— DAL S PR A I L.k 2 I 4% RE AL
2R bk 22 7 ) 55 2 RUBE 6 B 22 ) 46 1 245
M I 2 ROBE R 26 B, ol 5 Gk £ R 5k 2 B AR

R SIIE oy B 5 TR R 0 3% 25 45 AE L B 0 Rl A i
N o BE R R . S B S A eT A
FE3MBRKHEF T, mAEAEEY CT B’
PSNR F ¥ % VDSR % 75 4 % T 0.87,0.83,
1.16 dB. m FEWLPEM o) LA H A SCRE R i % 5
Tk CT R T AR 38 E / 40 75 803, T
B SR 2 A5 B o PR L T TR
SEHE .



1012 W5 B 5534 %

=

=z

(1]

(2]

(3]

(4]

[5]

L6]

7]

(8]

[9]

[10]

[11]

[12]

[13]

[14]

[15]

% X W

GAO Y X, LIH J, DONG J W, et al. A deep convolutional network for medical image super-resolution [C]J//
Proceedings of 2017 Chinese Automation Congress (CAC) Jinan, China:IEEE, 2017. 5310-5315.
CHEN H G, HE X H, TENG Q Z, et al. Single image super resolution using local smoothness and nonlocal self-
similarity priors [ J1. Signal Processing : Image Communication, 2016, 43 68-81.
ZHANG H Y. ZHANG L P, SHEN H F. A blind super-resolution reconstruction method considering image regis-
tration errors [ J]. International Journal of Fuzzy Systems, 2015, 17(2): 353-364.
ZHANG L, WU X L. An edge-guided image interpolation algorithm via directional filtering and data fusion []].
IEEE Transactions on Image Processing » 2006, 15(8): 2226-2238.
BATZ M, EICHENSEER A. SEILER J, et al. Hybrid super-resolution combining example-based single-image and
interpolation-based multi-image reconstruction approaches [C]//Proceedings of 2015 IEEE International Confer-
ence on Image Processing (ICIP). Quebec City, QC, Canada: IEEE, 2015: 58-62.
KIM K I, KWON Y. Single-image super-resolution using sparse regression and natural image prior [ ]J]. IEEE
Transactions on Pattern Analysis and Machine Intelligence , 2010, 32(6): 1127-1133.
TIMOFTE R, DE V, VAN GOOL L. Anchored neighborhood regression for fast example-based super-resolution
[C1//Proceedings of 2013 IEEE International Conference on Com puter Vision. Sydney, NSW, Australia: IEEE,
2013: 1920-1927.
HUANG ] B, SINGH A, AHUJA N. Single image super-resolution from transformed self-exemplars [ C]//Pro-
ceedings of 2015 IEEE Conference on Com puter Vision and Pattern Recognition. Boston, MA. USA. IEEE.
2015: 5197-5206.
FREEMAN W T, JONES T R, PASZTOR E C. Example-based super-resolution [ J]. IEEE Com puter Graphics
and Applications, 2002, 22(2): 56-65.
YANG J C, WRIGHT J, HUANG T, et al. Image super-resolution via sparse representation [J]. IEEE Trans-
actions on Image Processing , 2010, 19(11): 2861-2873.
DONG C, LOY C C, HE K M, et al. Image super-resolution using deep convolutional networks [J]. IEEE
Transactions on Pattern Analysis and Machine Intelligence , 2016, 38(2): 295-307.
DONG C, LOY C C, TANG X. Accelerating the super-resolution convolutional neural network [C]//Proceedings
of the 14th European Conference on Com puter Vision. Amsterdam, Netherlands: Springer, 2016: 391-407.
KIM J, LEE J K, LEE K M. Accurate image super-resolution using very deep convolutional networks [ C]//Pro-
ceedings of 2016 IEEE Conference on Com puter Vision and Pattern Recognition. Las Vegas, NV, USA. IEEE,
2016: 1646-1654.
AL AR R RSU MG, A TR R SR % 45 1 Tk PR O3 R EL (.8 5 5 4R, 2019,39(2) 10210003,
XIZ H. HOU CY., YUAN K P, et al. Super-resolution reconstruction of accelerated image based on deep residu-
al network [J]. Acta Optica Sinica, 2019, 39(2): 0210003. (in Chinese)
HAa, RS REIWETHERMEMEMEREFZ R RS 25,2019,34(2) :220-227.
CHEN Q J, ZHANG X, CHAI Y Z. Image defogging algorithms based on multiscale convolution neural network
[J]. Chinese Journal of Liquid Crystals and Displays, 2019, 34(2): 220-227. (in Chinese)

EEE T :

8 EQ994—) . F A EN W+
B WPSEAE. 2017 AE T E BT R KR KA
g, FEMNFE P RE S K
m R DL R UR BE A 2] 4 T Y IO

E-mail: wulei@ mail.hfut.edu.cn

BER (1970 =), Lo, REA L 4L A3l
Bz, WA A R L 2006 4F T 4E gy T
M R 2 R A 2, EEANFE AR
/AVLED % %% 7 H A BF 5% . E-mail.
fengqibin@hfut.edu.cn




