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Infrared Images with Super-resolution
Based on Deep Convolutional Neural Network
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Abstract: Owing to technical limitations regarding the device and process, the resolution of infrared
images is relatively low compared to that of visible images, and deficiencies occur such as blurred textural
features. In this study, we proposed a super-resolution reconstruction method based on a deep
convolutional neural network (CNN) for infrared images. The method improves the residual module,
reduces the influence of the activation function on the information flow while deepening the network, and
makes full use of the original information of low-resolution infrared images. Combined with an efficient
channel attention mechanism and channel-space attention module, the reconstruction process selectively
captures more feature information and facilitates a more accurate reconstruction of the high-frequency
details of infrared images. The experimental results show that the peak signal-to-noise ratio (PSNR) of the
infrared images reconstructed using this method outperforms those of the traditional Bicubic interpolation
method, as well as the CNN-based SRResNet, EDSR, and RCAN models. When the scale factor is x2 and
x4, the average PSNR values of the reconstructed images improved by 4.57 and 3.37 dB, respectively,
compared with the traditional Bicubic interpolation method.
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BRA(EE, EMH S5 #E5 (high-resolution, HR)
BG . EPE 5N RE R SR FERE 35 5 20
K EE

TET] WL AR AL HE U, K& SR 7 A
PEH A% G0 77375 R B T 5 T 4 L 1 2R PR AR A
M= IRAFEAE T (Bicubic) %5, ZZR07 v ETHRE
BES, ARG USGM SR,
Jii, Freeman 25 ANPWEH T 3T A2 S K715,
Yang %6 NHE B TR RN 7, %R E 4
SRR S RE A PR, B EUE A AR EE .
BEERBE¥IMRE, HTHEHME MW
(convolutional neural network, CNN) 5 K #Z4E 0,
HEEJ), HET CONN [ ELE G A B AT 5 | T T
JiZHIRE. Dong 5 APMEH SRCNN, # K| H
LR, ST EME SR, HiZ ik LR
UG & I 4 EoRAE 2 H AR ST RAE AN,
I SZ S B[R AE 2 i AT R, Ak, H A
PAFEH T FSRCNN®), BN LR EUEAE M4 i
Ja A AR ERAE RS 3 B AR RSB - R4,
Shi 2 AU H A R B R ESPCN W45, TEMIZE A
Uit BTG 2 FEH RS A S E R FE . S5 S 4 A
BRZETUREE LR, B ResNet®[)
P, YFZET CNN [ SR HiEH BN TR %]
W&, 11 SRResNet™, EDSRIIEL, 2 5, 22#4]
Ve LIS 5] NG 7 P @AY,
RCANUI, SANI2L HANIBISE v 7 LA X 2%
L TE B FE NRHE.

TELTAh G A BRATUIS A, — Myt 3 FH S Ak
7V ABLL ARG R BB R EE L K B B A Y A
R ST IOE MG AR R, AR ILE
K& SR Jiik, Xie7 7o SR RS I m e
605 5, (LA RGBSR A A A B A, A
I 7 B R S 1 N X SR AT Bk . Choi 4§
NS T UG 50 X 26 T 20 4h AR SR,
He % NSHRH T BA 2 NEAZ 35 0 PR S N 4
FHF KA LT A1 4% SR Zou 25 N OIHR H 38 Tk ik
TR L M 4N E % SR W%, Bt
MEM RG2S IR ER R ERZ O/ E B X
JURh 77155 SRCNN 284l ¥oNaTE FoREE T,
ARSI, HMKRERE, FRH
RRAE LA i —, 3 LUR B ARG IR 2 IR E B
BEAh, 20 A G A XS LU AR . 20T SC B R
EAE, X LR ZLAMEUE Al ok i1 ey Mg 1 {5 S
A T R

XPit, ARSCHEE T —FPdE T CNN S 0k 2

=S4 (efficient residual attention network,

ERAN) , 784rFIH LR 24 EGAE R, DASEEL Sk
FELAMEIE SR B2, W&l id bk 2 i, 18
AT E RS I RTEE N, Fh B B0E 2R BT I REAE
IER, MBS R EOMHE B2, IR
BN KRS S, 453 LR Z4MEHMRAE B
SR . R AU TE E = I HLE Cefficient
channel attention, ECA) fix N o0k 1 7% 22 A B
(improved residual block, IRB) 1, JL[EZAL T &
Wk ZE A (efficient residual group, ERG) , H
ECA Tt % 1 4 52 4 93 1 [RBs) ] DU ) 2% 33 115
B RMAFE. &5, 7E L RIEBEET @ iE-
75 [A)yE & S#iER (channel-spatial attention, CSA) ,
XT3 TE AN B 1] () R A S EAT AR, ORAF R
Z L ANEUZ I R AT o i M 2 3R T T A4 EMR SR
TR At RAG AR A B EUCRD 41715 Mk &2 14 A 23001 AR 7 A
L

1 MWREEH

1.1 EB{RLEH
WIE 1 s, ASCHH I ERAN ARG 2 FRE
A RZRFAESR UM G 3 5. HAAH,
YEI LR BUE I, € RO (R (s N, i
H—A%8ZEM LR % A 32 Bk )2 55 1E
E) eRH><W><C .
Fy=Hg (1) ey
KA : Cins C 73T a0 N AFAE AN o [A)RRAE R IR TE 4
XTTAMNEME Cin=1. Hsp(:)NEBIEH . IRIZFRHIE
PEIUAT LA B ks B N MG 4 = () e B 2] vy 4 =
] 1ZAFE AT DATE B B 4 b 2 ST S 3R, IR
WL TEINFRE . )5, HATIREERFIESREL Hor(),
B — D1 B UR FEHFAE For:
Foe = Hy (Fy) )
A Hpr()RR&id N A~ ERG, — N &N 3
X3 FIEBFZE Heonv(-)AI—A~ CSA Ja SR BEAFAE i
ITHEEL, &R PAIZ DR A (A REAE AL 3y«
F=Hy (F,).i=12N,

Foe = Heg (HCONV (FN ))
K Hy, () Fon &t 5 i A ERG Ja S2IUNHFAE,
XM HINT —NERE, AEFHERES
IREERFIEAS B Hesa()F7 AR @ IE- AE R, AKX
HERBURHES B o A5, I — KBRS LA
Rl R ERHE AR Z R, SRl — A FRAE
B, EMEEREGEE R
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499



B45E B S
2023 5 H

ANE TN N
Infrared Technology

Vol.45 No.5
May 2023

Long Skip Connection

SR

ERG " ERG ”"

Shallow
Feature Extraction
Vv

Short Skip Connection

ERG ’7|> CSA

Deep Feature Extraction

WV

Image Reconstruction

J’ ERAB | 77| ERAB |77 ERAB ""EB" ' EE

N

Efficient Residual Group (ERG)
K1
Fig. 1

Fr=H1(Fo+ For) 4)

e PR Frop il 38 7R ERFEREHAN R A Hr

fiEe ASCRHWAZ R (sub-pixel convolutional )
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GITIEAETH S FE AN Re J7 T AR SE A 2. B

I — AN RZ R OR 5 IR i A2 B SR BB
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X ©F R ERAN (IS4,
1.2 S¥FEELS

WE 1 FrR, WREERFESREGH 7> B4 N
N EARZEM (ERG) S, B4 ERG B8 M
N B RR ZE TR B 18 Cefficient residual attention
block, ERAB) , —MBkELEZEM—NERE.
H, fA ERAB B8 7 Sl sk =4 (IRB)
S umiEE & hm (ECAY , W 2, Z45H
TE FRAR 2% FE (1) [R] I OR 47 9 28 PE R
1.2.1 SOl ik = AR

Efficient Residual Attention Block (ERAB)

Channel-Spatial Attention (CSA)

: Improved
| Residual
:_ Block(IRB) | Efficient Channel Attention(ECA)

D~

' |
1 : ]
' @ Sigmoid ® Element-wise |
| function product |
i

__________________________

T ONN 1m0k 22 S 4 2544 (ERAND
Efficient residual attention network (ERAN) based on CNN

B ResNet®I4R H, FhZg5 B2 M T
FMMES . SRResNetP i OBk 22 45 74 B T 18]
4 SR 45i3s, . EDSRUO £ 72 H AR b, EFRALIH—
1, (batch normalization, BN) 2, 52T 40%H14F
ETTIEFF G I TR IR I ). 25, ZEGE 0P
R EM A 2B BN 252D, Haiiin
3@

Ak, WFFEERBALE SR 4G ReLU i i 4L
PR BRI, AL gk 72 B b 5 10 2 IR
N 4R AR, A SCIR ) IRB, i 15 55 Byt
TEARINBETE TS, NI ANYEE, 7K
BOE E IO EIER, PRS0 R O E BRI
s, HLEARSE U 3(b)fs. B 2R
2w 3 A Conv EM— MG REUZ IR, HAR
A RIEN:

R, ;= VK315(VK2, (I/Vi,ljF;.j—l )) (7)
L wi's w2 F w2 & ERAB 1 3 MESH
JERRE S P 3X3 BB RIZEATRHE TR
B FRA 1X 1 BB BT W IE 2 oA, i
AT, FERD T SEERET, 2% LT
HORFAEAS BT IR
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Fig. 2 Structure of efficient residual attention block (ERAB)
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Fig.3 Comparison of different residual module
structures

1.2.2  SRCETEE = B

RCANUURE @ IE 13 & LR T B SR AR
e AL Se R R AR AR E B IAT 4 R it A
(global average pooling, GAP) , ¥4 Hj4FE &4
BRFIE R . AR e, 8N RE A BRI
HIE AU, AR AR AN B TE R RFAE
I 3k 7 BT 440 TSR N I TE R AL, S X 2% E S
T A RHEERE R

SCHR[I8IEM 1 GAP J5 PTG UE T A 4EEE
TR T2 2 T IE 8] AR R R A AR . &
ROBIEE R ML (ECA) W35 7 4EFE ek, I
AREWIR VBEIEL . N AR R ET
ECA [FIFEIETE GAP J 4 N HE WS 0 45 18] 452
BRI U=[u1, = L ue, = uc), HPE C AR
N HXW FRHERE . WEE EHRHE 2z € RC il
W U 2 R 4ERR 2], 2 958 ¢ DR ATERRA:

HiWZl:Zl:u"(i’j) ®)

=17

Zc: GP(uc) =

A u(i ) TR ¢ A ue WG IRAEE ; Hop()
TR AL DI RE .

AT B YEEESER, BCA RH 1D B sk
WY RER S IEIE AL ., R IBCEE ) RS R .
JE R T THLEIAT sigmoid R # 25T GAP & 115
JE 5 A A R T [ PR RO OG R

s=0(Hep(z)) ©)

X o) IR sigmoid BEL: Heip(1)E 7R 1D B
H 2 LR R A PO s BB 4 TEURF I SRR TS
A RIEN:

i, =H_, (u.,s.)=s.-u, (10)
e se Ml ue 73 N5 ¢ AN IETE i EL A BRI R
fEo Hieate(-) i BATTZ 8] ) 10 TE 22 .
1.3 BE-FEGEEILE

FERPERFAEIR UGS 20 R, AT T — 4
CSA PP, ZELEH] 3D B, 4 3D B
55 5 N R 1 22 A4S A 40038 38 #3819 ST AR 3R AT B
AP D A il S B i DI R STE (TR R N =
3 HIELSLMIE G H—2H 3X3X3 BRI, 31T
3D HM, SR 3 HIEIE- S EEE ST Wesao
TER TIWRI Wes WGE RBUR S FIEHAT TR
FReVE. wla, BINBRLE ARV T4, S
NFFAEAR AN CASRAFINBURF AR, T RIE D«

F, :IBG(Wcsa)FIN"'FIN (11)

csa

K o) sigmoid BREL; Fosa BI 2 MRS (138 38
SR ERRAE o 5 A% G i) 2 1) R e TE v A T
CSA [A) W) 25 58 2 8 T8 1) 4% J= 11 A0 2 (8] 1) Jm 64
5 ) TE AN B ) B EEARAR SC I, E IE S R R
TERFEAT 4818 -

2 EI§
2.1 HE&E

KK AT FLIR HUREELSE S B e i
FeEL MG SR AT S5 HidlE 45 - FLIR %4 bl
HLZEH 7000 5K 8 bit 73 #E 2 H 640 X 512 FILLAMENZ
ZHBEEEERNTANBHLS, BUEHNFEFRELL
HAEFR e g S N, WREIER . FM. 1T
WG, H R EE A AR A K LD AR R
8, B HEEN 640X 512, 8bit, FEIZHE N
TS B, AR, B RE I 3030 5K . Hfix ik
BUE/E N A SE HR 4R G EdE 4, FR7E Matlab 1
K H Bicubic iBfUBIAL R RAFEA 2 LR 2044,
TRFERER T2 58 2 4, F -8 9% [
BT o M E IR A £ AR B AL 30 5KAE il s
£, HAHTIIZ (80%) FMEIE (20%) .

2.2 ENIERR

AT I 3 R 2 S A A T v A A
B E. 7@ A IR = T L
PEAL o 25 W 7 125 38 5 W AF A 142 LE (peak signal to noise
ratio, PSNR) FlI 45 AH L% Cstructure similarity
image measure, SSIM) PN FFeAn XS A [E J7 1k &
# UG T AT BN
23 LIEE

k¥ 28 fE NVIDIA A100 GPU iz4T, batch size N
16. KH Adam fRALZAE NI AL 28 K HE, pi=
0.9, £=0.99, % ] B A 1074, IRJEHR 2X10°
YR A R IEAR IR — 2
2.4 SKIGYHTS
2.4.1  JHERSLL
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JE i S E B0 UIE A SC TR H R 4% 45 44 ) ECAL
IRB 1 CSA [ %M. L3l & 1 5 ANA R
FERL, HohJERbEA (Base) ¥ ERAB Z5H B iy
L GE i hR ZE A, B4 Base 15 AUV f ik ZE A K
FHBCER R . My BB SRR T 25 B 3 4y
IRB, M, 7E M, 3&at BnN—A> CSA, {7 TiRE
FEAEFEHUE S M3 78 My B9 Al A ECA, 5 IRB
LA ERAB; $x )5 My BB HE 3 445
Fo BT R AR R (01 SR e DA K I 4% i B 3R 4T
N, REBER TR 2, 18 i X 42 7 3% PSNR A1 SSIM
BT AN AT VP4
2.42  XFELSEEG

0, N T WRRA SR H 777 ERAN A 21
T, B ERAN 544011 Bicubic JfifE J7i% PA M HiAth
3 FhEET CNN H956HE SR J5i%: SRResNet. EDSR.
RCAN 47 UG Bt 25 RS Lo b . X BT A 7532
AR RN R8s, 48 I e 7 v A 5 4 it
PIBRAIIZRBEE . o B X2 FEX 4 Ffp R EER 7,
M 30 5k EUE T E 45 R 1T

3 HRED

3.1 HRESLIOZER

TR X2 B, 5 FEAL SR 12 & 0
SERWE N PR,

HH 1 n] A, & 5 i A 8 3 J5 3 P PSNR
55y 7 42.44dB. 42.78dB. 42.97dB. 42.86dB.
43.06 dB; SSIM 1H 4378 0.9543. 0.9549. 0.9552,

(d) EDSR (43.1183/0.9869)

(e) RCAN (43.1627/0.9870)

0.9550. 0.9554. Af LA, % T JC IRB. CSA. ECA
L Base BRI SE R A A &/ PSNR Fl
SSIM, MiplE 3 PR & M iz S i m, BAL
PSNR F1 SSIM #4411, #HE T Base f4Y, My llik4E
SEPEE T 0.62dB. I My 5T 4 A TG,
S HIER] T IRB. CSA. ECA KA %M, I BHishn
CSA L) Mo FHECT-U N ECA Bl Ms B &
KK PSNR Il SSIM, AT H CSA X 5 2 G 7
SR TTEROR T ECA.
Z% 1 ERAB (3% IRB il ECA) H1 CSA M5
Table | Investigations of ERAB (including IRB and ECA)

and CSA
Base M M M3 Ma
IRB ~ v N, J
CSA N J
ECA N N
PSNR/dB | 42.44 | 42.78 | 4297 | 42.86 | 43.06
SSIM 0.9543 | 0.9549 | 0.9552 | 0.9550 | 0.9554

3.2 XEESRIEHER

RSN B0 H A A A A L 4 R AN [R5 I
J, Hidt TEST 1 A1 TEST 2 Jy X2 5k R H
T, TEST 3 1 TEST 4 A X4 5K RER T, 1F
IR oo EEANET R o H R AR, Rk
e 4~KE 7 B

(f) Ours (43.3488/0.9875)

B4 “TEST_1” MR R EETEMEELSE R UZHETHX2)

Fig.4 Reconstructed results of "TEST 1" by different super-resolution reconstruction approaches (upscaling factor is X2)
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(a) TEST_2 (PSNR/SSIM)

(b) Bicubic (30.8528/0.7570)

(c) SRResNet (32.1850/0.7875)

(d) EDSR (32.1907/0.7878)

(e) RCAN (32.1908/0.7880)

(f) Ours (32.2152/0.7881)

K5 “TEST 2”7 MM R E@EIEMEEL R UZHETHX2)

Fig.5 Reconstructed results of "TEST 2" by different super-resolution reconstruction approaches (upscaling factor is X2)

B B B

(a) TEST 3 (PSNR/SSIM)

(d) EDSR (35.3748/0.9493)

(b) Bicubic (31.8568/0.9091)

(¢) RCAN (35.7971/0.9516)

(c) SRResNet (35.4462/0.9498)

(f) Ours (36.0539/0.9538)

6 “TEST 3”7 AR D HFREEIVANEELSE R LR THX4)

Fig.6 Reconstructed results of "TEST 3" by different super-resolution reconstruction approaches (upscaling factor is X4)

1% B S A0 79 A5 B E 1R B B AT TEOR i
Ny XL 4~ 7 ARTE R R ERERNR. &
M_E, AT LB E 4L 48 Bicubic J7v2: B 2 K5 45 B
PIIAGER, S0 ER ERH, T CNN
J7V5Re B Hoor BMR AT B A, E AR H bR
B M BAEEWREE, M ERR D> A
7715 SRResNet. RDSR 1 RCAN X bt, 475403
MR M. BT LR A HAE EA R (REEH

FHX4A) , @HUE IR IRE M, (EARSCH
ERAN /348 0] DLE i K | 48 B R 2 352 76 40 A1 A R 19
LR {5 /5, [R5 16 R0 1 4 AR AR S P R SRAS
FEWRE, M =4 R A 25 5L

AL, A i@ PSNR Al SSIM AN WLAE B
KPR T ik RIERE. & 2 IR PR E 4 5K
s G, AT K O 2 4% B R 45 1 PSNR{H 5 SSIM
B, EMKN 4 RFEELSR. & 3 5l TRER
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FRX2 FIX 4 AR G S o PR K
WA PSR . RAPRIL T A7 ERAN BF
5 ) PSNR AT SSIM, i B AR S 38 57 1 W) 4% 485 4 R

By "I AL

(d) EDSR (35.3770/0.9548) (e) RCAN (35.5273/0.9559)

g 7E — E R LA JERTH LA BB 7 HE 3 B I
R

By "y Syl By TN el

(f) Ours (36.1061/0.9586)

K7  “TEST_4” fiHIA iy #rZe i a5 R R 7 X4)
Fig.7 Reconstructed result of "TEST 4" by different super-resolution reconstruction approaches (upscaling factor is X4)
2 MR ERSIRSE R
Table 2 Comparison of typical images experiment results
Images  Scale Bicubic SRResNet EDSR RCAN Ours

(PSNR/dB)/SSIM (PSNR/dB)/SSIM (PSNR/dB)/SSIM ~ (PSNR/dB)/SSIM  (PSNR/dB)/SSIM

TEST_1 %o 38.0631/0.9710 43.0650/0.9868 43.1183/0.9869 43.1627/0.9870 43.3488/0.9875

TEST 2 30.8528/0.7505 32.1850/0.7875 32.1907/0.7878 32.1908/0.7880 32.2152/0.7881

TEST_3 31.8568/0.9091 35.4462/0.9498 35.3748/0.9493 35.7971/0.9516 36.0539/0.9538

TEST 4 28.6532/0.8888 35.3544/0.9551 35.3770/0.9548 35.5273/0.9559 36.1061/0.9586
VER L], DA RS AR ZE A5 78 o MU LR 214k
3 MRER G PR L R FEAE S, DLl ks L0 EIMR SR H m k)

Table 3 Comparison of super-resolution reconstruction

results of test image set

Methods (PSNR/dB)/SSIM (x2)  (PSNR/dB)/SSIM (x4)
Bicubic 38.4937/0.9395 32.3882/0.8699
SRResNet 41.6272/0.9220 34.8284/0.8999
EDSR 41.6705/0.9221 35.4601/0.9035
RCAN 42.5441/0.9546 35.5871/0.9042
OURS 43.0616/0.9554 35.7599/0.9053

4 it

AR T — B TR B B 22 I 2% R 21 b
G oy He % g 4% ERAN, 1% 24 FH i 2
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