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Multi-drop attention residual infrared image denoising

network based on guided filtering
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Abstract: At present, infrared images are widely used in various fields, but limited by the non-uniformity of
detector unit, the infrared image has the disadvantages of low signal-to-noise ratio and blurred visual effects,
which seriously affect its application in advanced fields. Commonly used denoising algorithms cannot take into
account the smoothing of denoising and the preservation of edge details. In response to the above problems, this
paper proposes a multi-drop attention residual denoising network based on guided filtering. A guided convolution
module is designed according to the principle of guided filtering and a multi-drop attention residual module is
designed for both the extraction of shallow and deep features. Experiments have proved that the network after
adding the new module can effectively reduce the noise of infrared images, and can maintain the edge detail
information in the image to the greatest extent, improve the visual effect, and also have good performance on the
PSRN and SSIM indicators.
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I f R BE IR R 21 A EUR B sh G Ay, A R T B
AL B, I HLFE W E A5 W LE (peak signal-to-noise
ratio, PSRN) ., ZEFJAH{IME (structural similarity, SSIM) 4§
b BB TR R

1 MERER SN

ZLAMEMR IR IR 19 U5 07 =X, 111 BAT Zr 9%
INCRPEERE 2 | L RO S5 . ZLAN IR R
sun L P NIEE S e M B S5 PN £ X L EAN
HMEMR I A0S, A R T EME e ORI TE
Wit CNN 4 I, 5 2 s )05 2 A UE R,
17 [EAE AR T EHR A B AR SE ROR , JE i 1 AF R
TBE EMR LR SUE B LA SGh G4 5 B o SO R
AR AE R %11 T GFDNet (guided-filter denoising net-
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Fig.l Diagram of spatial attention structure
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Fig.2 Diagram of channel attention structure
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L PAE; CA()FE 7R channel attentionis B-; SA() R~
spatial attentioniz 5 ; S K(-)3¢ 7~ SKNetiz 5 .
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Fig.3 Diagram of multi-drop attention resnet structure
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150 Aok, A (7):
Flagby) = argmin )" (gl +b; - pi)? )
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E(a,b) = ) (@ +b-p) +ya®)  (8)

K ya e /N3 51 AR T

MR LR A, i it T —Fh 5] 58 B
(guided filter convolution, GFC), — it EG& 8 IA b BA
A X 35 (low-frequency regions), Bl 3 [X Jaf ol - 10
[X 5§, (smooth or flat areas) il /= 47 [X. 38, (high-frequency
regions), Rl i1 2 A1 75 (lines edges and noise). 7 Ik
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(R REAE BB 1T, RUBE Rrwl x i, V()27 2RB BE R AR
U frny Fre A [R] — GO [ RUBE 9 REAE S5 141, HLA
AHTE] BB B H s DRI 2 R RO XS V()i
VT 0, V()W T 0, 1724 £ 4 S XV (f,00)
SO, IR B A MR RCR, 551 SR R B
15 frs frun O RBEANTR], RO XS £, HEAT 1 R HRAE S5
— R, [FAH# FHReluBN(conv( )V LIS E k
O IR RS R B, ARG SRAR LA, T4 b 4005 B
ANFRIEAR B Z A1 A BE A E . AR

q=hH0)LO+[0)

£i() = Relu(BN(conv(In))) f; € R™*"

£(-) = upsample(Relu(BN(conv(In®)))) f, € R™*"

£() = Relu(BN(conv(In*))) f; € R7 9)

A In® € R In € RIS I P i AR &5 In¢
B RSE RN Rgw x by InP B RSE RN Awl x hl; R A [A]
X3 NSRRI B IR A T DB T
XA (9) R A £i() = Relu(BN(conv(In®)) f; €
Rt R £, () B conv I HEE R KA, XA
AR AOREE A O Ao 2520(9) AT AT (10):

£1() = ReluBN(conv(In®)))  f; € R

() = upsample(Relu(BN(conv(In?)))) f, € R

g=fiOM el SO+ file+1:c+c] (10)

GFC B ZEH T an (AT 4 R

_ conv+BN+Relu

upsample upsample

Product operation

Addition operation

el

& 4 5| FEFWEREE A
Fig.4 Diagram of GFC block structure
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1.3 WL

P TH E ZE R a1 5 R, AN 4% SR
U A g fif g =

b X 2% (encoder Net) >R FH W42 B JE 5K, Hor
— %A bottleneck 5% 22 BEHRIE XL, it — R A
AR AR S 22 RUBE Ak, R PRl 2 i 22 R R AIE 5
75— %%l MAR+ ASPP # 3t (3 1% )2 R ] MAR+
conv JE 2)PY, # # UNet B 2% w7 /9 Bk 8% 4 2 (skip
connection), 1Yz B N REAE (81 9 546 4%, Toik AR U
ZM R XUFEE . SCTh M 3 53R A skip connection,
K ] MAR+ ASPP (TE 20, AR U 22 0 KB R 5]
(9 b SCRY A [ RAAE, For ASPP BEHR F = AN 23 1
#:# (dilated convolution, DConv) J-8k, 5 i — N1
¥R 1x1 [ conv #4E, =4~ DConv 1) %5 i 45 TR 22 5k
TR 2, 4, 8, R 3%3, il i ASPP FRH IR A
[F) 23 ] B G ARk T BB SCRFE .

TEMGR BRI 2 P, SR ERBHAS 3 T2
RO, SO ETELE RS L | AsRZERIE 4
i W 2% H 56 i > bottleneck FEHR (1% Hi F f;, bottleneck
R AT DL 2R A bottleneck(f) = M(f) + f, Hi M()F#
7N N i A R AR S IR EA T S AR I — A A R A

FE; W £l U0 (11) FoR:
f; =bottleneckk;(fi_|) =
M(f)+ fio =
M(fi)+ M(fi2) + o =

D M)+ (11)

B o 1) 265 TR 5 185 0, 3% 2 B e 7 (W) 20 38
X7 P A FRER AR AEBE I, R0 AT AR B B 2 AR
IF] ROBE A RRAIEAR B, 5 2 T 2 Ak 22 e i 1721,

fi % ™ 2% (decoder Net) it % 11 | JE AN 45 T
U T8 D00 2 (7% it 0 I 4% ¥ ok S, (LR AS [ RUBE R il
B AT TAEER, H RLA R X 2 FUR IR 73 PR3y
TEHEAT R4, -5 Bk BRIZE 42 (skip connection) HYRFIE
HEAT PR . S g Jr IR AR R TR I i, Tk
M4 Jry (4 2 (R 45 B, BAR AT LLSE 98 L e T fig, (H &
BB, h o a0 208, BRSO 2 . B
P ERAN R, SR IS BTSN 28 HEAT T AR Yy
M7 (1) £ skip connection HfIIA T MAR, ASPP £t
i MAR B b (83 B HL AR ICE 21 4 Ry 23 [
& B, FIH MAR B i £ B 4% 0 (selective kernel) JE
REF A A7 B AR, R UR A UAE R, (R

Output
3x256x192

128x256x192

Input
3xa56x192 3%256x192 128x256x192 256x256%192
Mutli-drop ASPP >
attention resnet T28%256%192
y upsample(2x2)
128%128%96
conv+BN+Relu
Mutli-drop _|32*128%96 256x128%96 128x128x96
32x128x96 attention resnet ——»| ASPP
64x128%96
. 64x64>48 512x64x48
64x64x48 » Mutli-drop
attention resnet ASPP

[ BottleNeck
256x32x24
256x16x12

conv+BN+Relu

512x16x12

conv
> (l=3,d=2)

\
conv conv

B NN P e P

[ conv fASPP

" (k=3,d=8)

A

CIx9IxTIS

[#] 5 GFDNet 454 [%]

Fig.5 Diagram of GFDNet structure
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FH ASPP BEHGRBURAIE [ G5 B Y. (2) f#/H GFC
BEHCAR T DFE4RAE, ¥4 2l /5 19 skip connection Y
B LRIV RO Y R AR IRIA O GFC BESR 1 AL
ST AR R Y o S A I e RO 11 28 ) R G
A5 B, PRIUE THRRAEAR B 35 P 2R, Rl Bf AR
e | FUR U R PR SE L M, I ORFE T 2 I G AT
1.4 HKREE

SCH I 265 B A 2 oR R TR B 45 2k R B A
LrmrE, max (12) .

Loss = BLguiaea + (1 = B) Leontent (12)

2 Lo N I GANTT IR PREL; Leonron 278 15 SUAR
KRB p— R B, F VA P R AS [R] 461 2 of
B, AESCH M, B=0.14,

PR R M I 1) 300 2 A (R R R R A vk
8 2H B 43, S I 458 3 BT GFC R St B [
QB G ANTT, R I 300 2% A0 17 400 R PR L giaea B 22 2
X GFC Rt HEZ MR, fE 127, AL ()B4
X GFC B sREGHAT TR, AHER A (7)
XoF R L2 YA O R R, an A (13) Fw:

1
Loiaa = L7 = 5 > ((p)=y(p)? (13)

A x () U R vl BAR R NRRHEAHY
Wodws PRI IS p IR R A

Leontens V0 AR BREON IO A PR B A A5 B
V] {5 g M B0 e R i 119 RO PRAIE R I I oy 1R

(e ®

6 SUFLLAMNEEER ((a). (o). (o). (g) WLLAMNEAIEME, (b). (d). (D). (h) ML EIR)
Fig.6 Iraytek infrared noise data ((a), (c), (e), (g) are infrared noise images, (b), (d), (f), (h) are infrared clean images)

R R AR AR — 3. DR SCH 2k R 452 3
AR LR, WO R BB R — . SO
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1 M N
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i=1 j=1

Leonens = 1= MSSIM (14)
AP w M Ry B o2 x5 225 0k
YIUTT 22, oo XNy I T 255 M, N R R REA B B
1 = (ki Ly Hll ey = (kLY R P8 4 L =255, k, =0.01,
ky = 0.038273

Bt a3) At a4 RAA K (12) B A5 2
I LR RS

2 KBRS

2.1 HIESE
URTLLAMNEG MR AR D, W R T R e T
AR N E e N IO L R R u I G AL Sb S =
Hnde, (AL P A2 ARG B T %, SRR
IRl PUL, ek SCR Al T 3B R R A R HEY 2T Ak
RIS G 6 SRR FAR) DR LN E STy
B, F08 TORIEIINTR] R[AS 5 REIPREE R 14 bit
LT AN, B SEALS 2000 XIS 514 G AT, K
RSNy 256192, WAL 6 Fw.

o

(2 ()
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T BN ZRREA G Z R, [RIB IR T 30
N T3 RLTAME 4] | FLIR One Pro 14% 1~ 500 5K
TH LM R, 23 0 UGS N T o = 15/ /&5 g
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zer) 8¢ Adam, 2% ) K (Learning Rate) 5 &4 0.000 1,
HE UK 58 B (Batch-Size) B # M 8, S ECH 700 1%,
A YNGR 29 24 /e o 28 HE 42 R F] Pytorch
1.8, YIIZkF 5 A Inter Core i7-7700HQ CPU@2.80 GHz,
M7 M 16 GB, . Ky NVIDIA GeForce GTX 1050Ti
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(1) B RANEE R S 40
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PR 25 DLSEE B 4R T Y 100 5K £ 8 F A il i

J=

BoHE, 78 3% 48 200, 400 KB, 43 5] LA 0.1, 0.12, 0.14,
0.16, 0.2, 0.25, 0.5 V£ R AL TR K #4703

JNFE 1 B BUE AT DL R B, AR R F 7 0.16 A
0.14 I} PSRN $8 451 T — 2, Z /N, M7E SSIM
645 L 0.14 I B, 0.16 ALY SSIM ZEHE K. A 1L,
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Tab.1 Comparison table of loss weight

200 iteration 400 iteration

Loss weight

PSRN/dB SSIM PSRN/dB SSIM
0.1 15.29 0.3729 21.69 0.6729
0.12 15.34 0.3841 21.83 0.684 1
0.14 15.39 0.4005 22.24 0.7013
0.16 1541 0.3991 22.29 0.7004
0.2 15.48 0.3739 22.01 0.6954
0.25 15.36 0.3714 22.11 0.6932
0.5 15.17 0.3692 21.78 0.6689
() ARLE S

N TR UE W 4% A AP, BE B BM3D Bk Y
CBDNet?™!| MIRNet™ | RIDNet®® X DPIRF” i 17 %
P, I 2k 46 R T ECHE 46 vh iy 2100 X 1 il R 4R
600 XoF 1 Ay 56 Uk 2, 0 3 0 SR FH P DA (] A 540
WABARAE T ) 300 5K; OTCBVS Bdii 4 i 100 K
KR o PR 6 bR R A £ e L (PSRN) F14S F4 AH DL
P (SSIM), 25 A& 7. 8 Fiw, WA FR AR a3k 2
Ji7R o

BB NS LA B R 2 i dE AR T LLE
i, MIRNet [{I4(E (51 1 (PSRN) #¢/5, RIDNet, DPIR
FISC PR O3B 1 PSRN JEA— 2, WG T MIRNet
%375, CBDNet il BM3D 537k 2 300 48 b5 B 22 5 45
¥ AH L P (SSIM) 45 b1 L, BT #2853 1% % &, DPIR Fil
MIRNet 53 12 (1 45 # {8 W& A% T 3C 1 5332, 1 BM3D,
CBDNet }2 RIDNet . R bR{E2ZEBERR . @t K 7
WM %<, CBDNet, RIDNet, MIRNet [& Hh 77 7E %5 /b f2:
S AT AR, 1 BM3D B 5 B, s 2 An Ty
FRTVEE, SCH R BEAR G 1 - T R T
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Fig.7 Experimental results of the Iraytek dataset, the green area in the lower right corner is the magnification of the red area

Noise CBDNet BM3D
MIRNet RIDNet DPIR

Ours

[l 8 OTCBVS BURAESIASRIA, 17T M4k (X HOR LT 6 DS ORI

Fig.8 Experimental results of OTCBVS dataset, the green area in the lower right corner is the magnification of the red area
R 2 AUEELBHIE LR

Tab.2 Comparison table of effective denoising experimental data

Algorithm Year Iraytek dataset(300) OTCBVS(100)

PSRN/dB SSIM PSRN/dB SSIM

BM3D 2007 27.43 0.7814 B _
CBDNet 2019 29.86 0.8517 27.87 0.776 5
RIDNet 2019 30.67 0.8993 32.73 0.7821
DPIR 2020 30.78 0.9009 32.86 0.7839
MIRNet 2020 31.52 0.9032 32.77 0.7842
Ours 30.71 0.9057 32.71 0.7827
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2=, [A] B} OTCBVS ¥4 Groundtruth {4, 1€ 55 &
L BM3D %k (945 45 4 Groundtruth 1% . 3845
taf L% 4, RIDNet, DPIR, MIRNet J 3C H 45 15 7F
PSRN Fll SSIM f& 5 [ HAAH T, 22 5 4/)h. CBDNet
R R 2% SEIERAZ 1, B 8 T L& B, CBDNet
B4 P B A7 A A S 1 5 RIDNet, DPIR . MIRNet K&
SCHVRLRTE K MR R 5 (R R A AR R R B, (H
A =3 7RO LB AT T3 3

(3) T Al 55

SR H AR L L UNet 25 09k AR 2540, 9
i A 351 A MAR Fil GEC WANBEHe, 18 1o 14 fb
S, ST I 0 A AR AT LA AL 3 T+ PSRN
H1 SSIM F8%75 .

MFE 3 H LS SR LB Y, R AR 1 ) R A
S A5 R 2, PSRN 847 {U N 27.96 dB, SSIM #§
PR 0.8253; X LA AL 1 FUEE AL 5 W LI B 19 & B,
f#i J MAR A1 GFC B3 5, PSRN Al SSIM #5456 T
RUEHETE . XA UE T P9 A8 B A 21 A G 1) 2 1t
Hr kB T AR A FE o

&3 XENWXE T HR LI HEARIT LR
Tab.3 Comparison table of ablation experiment

indexes under Iraytek testset

Iraytek testset
Model structure

PSRN/dB SSIM
Model 1.(UNet + conv + concat) 27.96 0.8253
Model 2.(UNet + conv + GFC) 28.14 0.8432
Model 3.(UNet+tbottleneck+concat) 28.86 0.8628
Model 4.(UNet+ bottleneck + GFC) 29.69 0.8861
Model 5.(UNet +MAR + GFC) 30.71 0.9057

i 2 b3 A A SRR, SCHP AR H B GFDNet
P28 ANSURT LS B e D RE, i L n] AR R R R 4
FRLLAMEMGR s AT, R AT LA SR THIL SR -

3 4 i

B AT PR AN R 1B RT3, JCA (] g S it
ER MR- T R A (8 B A IR S b i i — e T |
TR 220 SCTE B 1R 22 ORI I 28%, it a1 245 AN
AT LA R 58 LT AN AR B R D aE, 1T HL AT DA oK
e BE PR B G A1 A5 L o MR B9 £ A P 5 B A

IR APSE R o SERR 45 S, SO R R 1 D ik
#£ PSRN Fil SSIM F8 45 L WAT T AF 45 R . (HE1%
L5 AAFHE A 2, ARG S 0 21 S M A A E B PR X L
AT, EUSIG sEASCR AN B B AE, R SRR b
WRIYA L LRLE RS
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