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Infrared and Visible Image Fusion Based on Three-branch Adversarial
Learning and Compensation Attention Mechanism

DI Jing!, REN Li!, LIU Jizhao?>, GUO Wenging', LIAN Jing'
(1. School of Electronic and Information Engineering, Lanzhou Jiaotong University, Lanzhou 730070, China,
2. School of Information Science and Engineering, Lanzhou University, Lanzhou 730000, China)

Abstract: The existing deep learning image fusion methods rely on convolution to extract features and do not
consider the global features of the source image. Moreover, the fusion results are prone to texture blurring,
low contrast, etc. Therefore, this study proposes an infrared and visible image fusion method with adversarial
learning and compensated attention. First, the generator network uses dense blocks and the compensated
attention mechanism to construct three local-global branches to extract feature information. The compensated
attention mechanism is then constructed using channel features and spatial feature variations to extract global
information, infrared targets, and visible light detail representations. Subsequently, a focusing dual-adversarial
discriminator is designed to determine the similarity distribution between the fusion result and source image.
Finally, the public dataset TNO and RoadScene are selected for the experiments and compared with nine
representative image fusion methods. The method proposed in this study not only obtains fusion results with
clearer texture details and better contrast, but also outperforms other advanced methods in terms of the
objective metrics.

Key words: infrared-visible image fusion, local-global three-branch, local feature extraction, compensated

attention mechanism, adversarial learning, focused dual adversarial discriminator

0 3lI5

AR U RS AR XM R B L 4 i B R ) 3 52 WJ;‘ZD,
ZLANEMER T LAE S MR B 26 AF S A H A 281, &

KGR S 2 R B U h s Bt AR 8 DUIRE 18 7 B R S A IR A 37 = 401 . *HH:Z
FEMRAESS o T B EARBAL G R, e, ARG EHR RS R M, Efm T

Wieks FHA:
R
BIEEE:
HeWE:

510

2023-09-07; EiTHHEA: 2023-12-11.

WBAL (1979 , %, WiAETIW, BIZEZ, EEHETCT A8 EEAIRG] (55 A B E AR %8 s Jo 245 U ot 7
{EFT (1997-) , %, W-EHFFAE, FERFATRDNRE S S5 EG#E . E-mail: 1427594911@qq.com.

Ex ERRER S (62061023) 5 HE A FERS (21JRTRA345) 5 HlNARHAHRIZEBINE (22JRSRA360) -



Faok FES W
2024 4E5 B

K S BT =0y SR ) AN ORI ZLAMRTR] DL PR Bl e

Vol.46 No.5
May 2024

F B GRS, HHE5 ARG . IR,
Al WOGEHE 2 RIS AR R . Rk, 2045 0] ot
EHG RlA AT DL IR i 52 46 B BR 1, 2 A T
. HARRI . AR AR,

ZLAMNRA] DL UG G TR KRB AR AR5
JI RN P 2 2 I iEW T AR 4 7 it — e I A A
Bk i N B AT 2R € A fegirh, SR TFahikE
AERN, e REEAR# B, FRgiRnl-10, 1 03
PERIMUNSE , BfEG TERA B REER N TEZE 7
P, SRS I ECE AR R T 22 ) M B B R AR AL
FEAEFLE I N RS AORAE, R IE T B
% OB 4y fif B 20 A FIRT L' UG il & D7 U 20—
HFT LB MBS (convolutional sparse coding, CSC)
F#EEHFIE~~ 2] (coupled feature learning, CFL) ]
CCFL ZL4MRm e G R G vk, ek, B IR
FE2E SRRV AR S R g, 4t 1
KEFETIRE M EURRLE 777 Lin &M% 00K
LIRMA M N T EGaE, B EaESIRE
SV NEME G AR, (AREHTA R E R
Y5 . Prabhakar S5 HE 7 — PG W BHR FE 5 ) Rk G AE
BE, BSREHELE AT Lo i v 2 v X 07 AT 2R, =
ANF &G — BRI AT RS, SE0A R
HEGR, MAMRRE, Ma FUWEIEH —MA
AT BT 4 FusionGAN, 2L AR FTa] Wyt UG &
HANIRFFLALAME B 50 WO BRI Hiidss, £—
EFRE FIR S 7RG ERE, HEE BUR EK T A WG
EUE 4R 5 B e 9 7 ORER AT L6 MG o 22 1 4
FIE IR, Zhang SEUTHE B T — o Y (1) A RSO0 Bt R 2%
GAN-FM, A jlidisd —fa RO BRRIE R A lds,
RAEIRJZRFAE 45 501 35 W) 2 A FH PR A 1 2 AT 540531
a5, S RA ST RPUEZE, AL R B A4t
B3 A WORSRE B . deAh, B T — R
(10 53 L A e B X 2 TIMG ANUSURIT— O I
G O] HE RO LI 4% UTFGANUI LU 78 2 B s B
E R SR AR BER S U R R BT = A s ik
BB A By 7= A S BRI AN B 5 AT B B AR 1Y) il
GHR.

BEXFDL b AR, AR SCHR Y —Fh =53 SO0 Bty 2 A
AMEE R I AL AN E] WG G RS T AR R R
R BRSNS Bk m IR T — =50 R AL,
RRLLAMREBEAE . ] WOt R R AR FNLL AR i) WOt =)
AT LLAMER AR RN AT WL AR I 2 AR e 7E A SR L]
B EEERBABEEGER, B REEREER,
214050 WL 4 JR) i A5 18 I 4 Ik 2 7 A AR R Az
FEAL 5 N £ 40 Jm 358 B A2 A 0] LS J) 3 B AR B AL B 4k

B RS SRS 2, AT mT BLAE i A B 45 b Ok
2L B bR AT WA S0 . phah, AT
MU GRS a5 AT T, o HAEEIEAE 51N
FMETE IR, S S RE S R HE L S A R,
XA AR AL, RlE Y SCEE IATNS R BE 4 ) R
aE&.

1 EfgmarnE

1.1 POLREERIELR

ZLANEME B A RSP THiEE 7T, ol OB EB A
A B ISR AN A oy R . N T iR ELLAN 5]
WICEG G R, T — P R o 2w £ AR Al
A LGB G AR, 2% B ARHEZE NI 1 FoR .

AL AR X 245 A 22 E A i RN s 1) 4 T S 4
o AR RN X 4 2 R UR G R B AN R A s B A
E PR, BETT T =5 SC M ZS SRR ZL AR L G
TR SRR LS H ) I A W X A3l R
MJEEGIafE R4 G EBROEEEENSRER,
Bt T SRAERU B S ) 2838 i 5 RE 70 o TEAR B2 Y
e, RSP K RS 3, ke
LGREEE R R EEEER: BRI @ E R
2 (AR AE AR A B AN = L), FOASE =3,
XT A JEAE B AT AR S M T R ST AL R AR R
= HFRBOEN R RS EU 2 5, AT B 3 — P H X
ZLANHBRANR] WA RAE . 7RSI W, 5300
PR 21 41 S Tl 4 AR 0T DL St 4 T 4 o) il R 47 A
s EL G NAMERTE T LA 25 1 45 SRS o 5 £ it
R 35 I o I X4 31 28 A AR i X B ik 1 R sk AR
SIS X LR A A
1.2 A ML
1.2.1  @iB-4 8 =0 S A A

JRI R4 R =0 SCHE g I 4% 32 B 4T Ah 5] L
FIRE G N FFIESRE. flA 3 4. FERFAE
PR B, 5 RE R AL AMRAT WO G R IE T AR (1%
R EAARFNZES . A SCNLAME] B EE A
JiE R fR R I BUR R G AR AERT L BEAR . SOy &
SR I, A SR = 2k AR AT IR U R AE B
B, R SRR R IR A2 K 25 R H B T 2% = 3
PRARTRIAL AN H brfs SR OB SHE B . WiskikE
HAMRIMEEM . L2250, Iz asbmmg i,
TAERN . BEREEASZRPHEERERFR, 7]
DS Wi AR S IIEIB RS SR SR SR R =Y SO (E
PR ARG R, ik, At —mrMEEE
FINLHIAE R 5 = 25 R Ak 2 B A2 4 SR R AR 40 A Ainm]
WG4 AR AEAE 2, I BLAE AR REEAT J5) S8 4 1 32 B

511



Fa6H S
202445

a4 R
Infrared Technology

Vol.46 No.5
May 2024

I, CREAMEE BB 2R R 525 204 H R AN S
BUE B BUEANW KR BRI, 220 3 IRt
A, WO G BRI EREEL W
TG AN F SRUF TR #2 B B 4E FZEAT concat HF4%,
FHE B AU AS FRIE AR IEREAT Rl s AE I ot
LS SRR A AR

AR SV ) SR -4 SR =43 SO AR R I 2% AR AE
BN 2 fros. B, RN AT WOGIR B 2y 5 i
i 4 NEEERRE Y, M- BaE Y 3X3
115 BJE K M Leaky ReLU it bR AU AT RFAL SR HR,
HI T 2 MR B DN JE — B s, R IAE S

RO i R B SE BUZL AN R T 50 H FRfE
SRS AT DL I v o3 R R il R (R SRS S
YR, HAS [B]E 70 R M R AR L
BT PIRE B IERMEEE R, ZARBREHR
BTSN BRABE SR R, R RIUNE 85
ENJRERF LR RE— BT B, A R AR SR B N 4T
wJa, XF 3 kR ZLAT H bR ST WO S
W5 B HEATRLG, JFRI concat M1 3X3 B
WS SEILX — H K, WA EIE G E AR, 1R
Al

Infrared image

erl

Layer3
K2

Layer4

&
g1y
3 &

Infrared image and C hany
visible image ‘mechanism

— el <
51 B3y 52—y 5,
g s

¢
Layer5

1

Discriminator-IR ’

Infrared image

Visible image

Q

onvolution+LReLU ’ Convolution+Tanh

K1

,,,,,,,,,,,,,,,,,,,,

Fig.1 General framework diagram of the network

Conv3x3
LReLU

o 2% S A HE 242 P
[——————————— = |
|

X o _l
gz M1

LReLU

Conv3x3

| > = T
[
| ’ I

Concat
Conv3x3
Tanh
v |

Conv3x3
LReLU

— e —— — — — — —— — — —

Fig.2 Local-global three-branch generator network model

1.2.2  FMEEE IHLH]

ZOEIRA RN R K, ASCEF R
P g 7 AMEE B, DMEIA LA E 2 B AR AR I
M RESEE R . AMEFEE IV HEZL N 3
Fi7 o X6 T R (AR AE e REC, et Heith 4745 R 1y
AR KAk, 2 5 R concat #RAE K4t 175 5]
512

FRAE BRI AE — T 1505 3 25 IR FUZ A Sigmod
EET, REENS ARYIEE IR o
B JG, WA B 1 2 1) T 7 B a7 R )
N, o HR 4 R T E i A A B R A A A
SREBEES, FEIHMERNN 3X3 BRE
Ml—/~ LReLU W& )2, % HRHIE m ST R, Jf



Faok FES W
2024 4E5 B

K S BT =0y SR ) AN ORI ZLAMRTR] DL PR Bl e

Vol.46 No.5
May 2024

AIHEBRUZ R sigmoid WIE)Z . MR B
2T A B AT L PG A A0 5 2% 1) 3 38 AN 4 B) Y 7 A
BRI L= AR AT 14 B e R D, Xy A A
TAMERHEEEME R
1.3 REXTInLER

U ) 2% X 245 1 32 BEAE L AE T X 49 A A 11 i [
B S5IREG Z 1225 . @AW 5 A e ds k4T XF
PilgE, FEEFEENRELR, Bi— Ui
HlRE. AR EXCTHTE R 8 WK 4 Fis.
ZLAN KA AT WG S A A AR R I 2% 28 dy, #
H—NALEGREM 4 MERAR. T GHEAE
£ 3 X3 R/ANAEFULH Leaky Relu WU k£, 721
gt fEdr, ERRYIiaRG G A LB FUZ SR

Sigmod

———————————————————————————————————

R AE BRI, AR5 FERAMERIE R I SR
EAR P HMTIR RIS A 55 45 BEVs SRS E b
MG A5 B X3 AR B i PR 5 AR . TR XN
U &5 P 2% LU FT WO 5 20400 BB A Jabn s, et
NSRBI 7, Ay BRI ALLAN B ATR] T
P8 i L R B SR, () I A B 2 R R Y
FIBMELSE AN o 21 AN 230 18 fth £ B 15029 O B Bl ok
B MLAMERAE R, TA] I % g a5 R
T S R 2 B AT AT (S R . AR AR XU
Tl A (X LT 23k BT, R B AR At S 1
WG e, B2 TR AR, TR R
FEAAFR £1 M8 2 5 S R SEAS 4 ) vl LS B

Channel attention model

|
|
|
|
|
|
= !
AvgP l-—)% % }
vgPoo
g H C 5)_" i’x |
k] . |
MaxPool—b% I %_T P3 |
s s
|
|

3 AMEER ML

Fig.3 Compensatory attention mechanism

B4 REEXU T &5 0 2T

Fig.4 Focused dual adversarial discriminator network model

1.4 kR

AR SC R PRAE 2R 32 B SR 04 R =90 S A AR A
REXCTPUE M S AR, A A A2 8 R S B
B PG, ) 2 D S L T b s ) 4 A AT Lo
BRI E L 55 EMBEARE R, MR R
Hth AR AR AR Lo ANSS AR Lo 2R, B4
SE XN

L=Ls+Lp (1
A AR IR Lo N B Locon FIXTHIAR K Laaay
M. BT GAN BIARREM, NETRRGIANNE
FRAR N T — RAV LR CASCBLRA H bR, PR
ST e VR G 2 TE TR ISR o L 8 L WTF
L6=Lceont LGadv (2)

K Locon WEBFFBRERIUK Lois FREAK Loraas
513



F a6 FSH
202445 A

a4 R
Infrared Technology

Vol.46 No.5
May 2024

—HMEBR Looms WTUARRN:
LGeon= a1 Lpix+ vLgraa+ o3Lcom 3)

:—EEEF': ai~ 02~ a3ﬁﬁ$§%”¥@fc

FREEIR Lowa MR G A& 38 S A
W, ARSCWHERE SR BN T BiE R R, A
T8 NP S S R e BRI R, AT R e e R )
PP, J8 I TR R B ORI A AR R
P E B, DUEA R = A E 5| SRk B T i
SUHR 3 S ) AR SO SR . B LR R R A
TE XN

Ly :H_IWZZ“; St (Vusea, = Vi, )2+ “
Soij (Vjgea,, =V, )?

Syi,; = sign( VL, )~ min( V(L |- VED; )
(5)
S$2i;=1—S81, (6)
A @ A RIME RIS i AT j B SKIEL H AN
wARKE G E ER SR LA L RVREIS: Thsed N
e L O R E S A RO K SRV E I @ VAE DA == 08 T A e
LO)R R = I R AR R A min( )R /R AL
FF5 (N5 REL Sy R TR EHR B FE K14
BEPUR G BRI LR, BEkE
1t 253 Frobenius Y54, Btk Frobenius JGEA [F] T
KRR S, B AR R R A — AN B TR 1P T AL
FEECR )T, HARH R E G BURER = AR EIR
BERIIBEE, A SR R R ANPE AR EE T8 (1)
BOE, BB E A RERE . AT

1 2 2
Lpix :\/W;;‘Iﬁmed[v[ _Ilw ”F +ﬂ Ifused,.'/ _12” HF

(7
A L LA R E IS Tused ZREE EIE || RN
Frobenius Y54 .
FEMCIEA b, ASCRH — SRR R, Dok
Al EBUE R 2, FEMORICRARR B oM. Bkt e
XU

1 2 2
Lcom - W,z ; ([ﬁlsedi,j - [li,j) + (Ifusedi,j - 12i,j) (8)

AR IR PURR Loasy FH T 1018 Rl 15 AR S
ErfiE, HARXarn:

1 N
Liagy = NZ(D(’J” —a)’ 9)
n=1

A NROREEEBRINEE, JFHASCRM o fFH
A S S B S ) 8 X i £ PR REAT P T (R AR 2

514

S5 T A4 R A A ) e TR AR DR R 4R 2 TR
FARYE, SRR R ABESE, A R R 4l
R TGOS EE A, REIER RS
BHE. SO RATEW RS EE. 25N E
AT LG4 3] 2540 5% R B8UE SN

N

L, = XD+ A0-[VD, a0, 1 (10
n=1
N

Ly = SUD)+ 20 VD, aD] " (1
n=l1

A ARIEMASEG gl Fos L2 763, F—I%k
INRlA gh 5 4 A8 AT I IS 2 18] [ wasserstein
B, e WU ER RS, IXBRE T2 2R ] B
VAR

2 SKEREERKRS

21 EWREMIFE

ARG Tk A I B & TNORY AN
RoadScene AT G Rl G AT 55 - FEVIZRIN , K SR AR 1
TNO Hfs S i i 38 43 i (1) T7 150 s g 47975k, 19
] 32484 FKK/NA 120X 120 HIEIG . (EMRFY Bk
PRI BUG A B /N B LL AR ] WL BSR4 T D

ASZIGTE Windows10 £:4E 24t T 1 Intel Core i5-
1035G1 CPU F#4T. EEKH tensorflow. imageio [
£ Pycharm 23828 HYI AL 2 Ve RE . SKIR IR E
epoch=15. batch size=32. learning_rate=le—4. E
AL TT I, G 1GNP WS PR I 1 3
AT Adame a1, @ a3 LI REEG T I 2 5050
JEWRENN L, 80, 1. IEMWSEARE )y 10, #4t,
EERTH, B 0.5, ML LA EUR rh R E 2
RS S, DAORIF R E X ELE .
2.2 TNO HiBRESLH

N T BRAUEASCRIE A R, AT TNO i
Bya L T Nato camp. airplane_in_trees.
helicopter. Kaptein_ 1654, Marne 04. Movie 18.
sandpath 7 Fi7 A N LA 5 0] WG EUERLG AT 55 1)
EER, FRHHS BT 9 FhRh G 77 AT ELEL
£13% FusionGAN US| BF (bayesian fusion) [**/, SDNet
(squeeze-and-decomposition network) 2!l SMVIF
(saliency-based multiscale approach for infrared and
visible image fusion) ['?/, RTVD (relative total variation
decomposition) ), U2Fusion (unified unsupervised
image fusion network) ?*, SwinFusion!®], PIAFusion
(progressive infrared and visible image fusion) 261,

FLFusion (fast and lightweight infrared and visible image



Faok FES W Vol.46 No.5
202445 B BB S 2T =0 P2 S RAME: & DRI L0 s R a] W R Rl & May 2024

fusion network) 7l AFIBETHAN RS RAMEGST  RECRAW R E, S BUR R A MO E M T
Rl 5 fin . B X LL AT AE Y, M6 GtRlA 7% BF - U2Fusion Al FLFusion 73 m 186 RE, (HZ 4
HISMVIF J5id Bk e LR BLALO HAR AR, B HARKIAA R . FusionGAN J7 ik (A 52 FERCAT

(a)Infrared images

| -

(b)Visible images

--

(c)FusionGAN

(9RTVD

(h)U2Fusion

515



Fa6H S
202445 A

a4 R
Infrared Technology

Vol.46 No.5
May 2024

()Ours
K5 LSS SR

Fig.5 Fusion results for seven groups of scenes

ZLANEPRR M, (AR S G, SORATEE
E % H#, RTVD. SwinFusion fl PIAFusion /7%
SRTE— B FEE Lo 20 AR ATe] L6 I8 S (5 S A RN
ek, (ABERFEILGE, MomE s 7R,

W B ARG BUR R 2507, 1X 3 Rl & 771540
T ASFEFEE B2k H . SDNet HyER KFEE Fff vk
T BRI, BRI R EARRH, (H—LiE
&R TE AL, W YA B G, AN A

TR S AR RA U, ASCEBE B
(entropy, EN) \ “P¥J#JE (average gradient, AG) .
FrifEZ (standard deviation, SD) . =[] (spatial
frequency, SF) & T L% {5 B R B FE (visual
information fidelity for fusion, VIFF) . #H % & %
( Correlation coefficient, CC) . H {£ B ( mutual
information, M) 1 F 22 X! 45 #4) FH LA M (multi-scale
structural similarity, MSSSIM) 8 FliF4 48 bR 11T 2 W

H U (5 Bk . ARG TR AT L i PP e MR 7 W PR A B AR R Rl
Eﬁ}\%%tﬂ HRLPAEEEW, WREEEE, EERBATVR, TR 1 R, R R 7 1817

P ROR B AE - SR PN SRR BEAT P03 2 R .
# 1 ARG EIEN SR CEUSIEED
Table 1 Objective evaluation results of representative images (Fourth column images)
Methods EN AG SD SF VIFF CcC MI MSSSIM
FusionGAN  6.0183 1.6860 4.7715 4.6687 0.1133 0.0905 12.0366 0.6645
BF 6.6117 2.9497 5.9747 7.9090 0.3070 0.9662 13.2234 0.8852
SDNet 6.2120 4.3359 4.9257 10.8688 0.2373 0.3034 12.4239 0.8042
SMVIF 6.3927 3.8549 5.2895 10.3887 0.3384 0.8488 12.7855 0.8822
RTVD 6.7321 3.5092 6.2998 9.5507 0.2946 0.6309 13.4642 0.7830
U2Fusion 6.5800 3.7273 5.3552 8.6307 0.3528 0.8178 13.1599 0.8911
SwinFusion  6.7706 4.4139 6.5156 11.0276 0.4470 0.7718 13.5411 0.8891
PIAFusion 6.6548 4.0317 6.5047 10.0641 0.4158 0.8453 13.3097 0.9094
FLFusion 6.1153 2.5540 4.7810 6.5569 0.1681 0.6325 12.2308 0.7440
Ours 7.0854 4.2056 7.0897 11.1093 0.4646 0.9682 14.1709 0.9298
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Table 2 Average of objective evaluation indexes of 7 groups of images

Methods EN AG SD SF VIFF CC MI MSSSIM
FusionGAN  6.3272 2.0612 5.0497 5.1198 0.2267 0.1786 12.6718 0.7276
BF 6.1464 2.3461 4.9419 5.8386 0.2103 0.8886 12.2927 0.8789
SDNet 6.4704 4.2226 5.1469 10.0102 0.3489 0.3938 12.9409 0.8584
SMVIF 6.0544 3.2066 4.5489 8.1944 0.2917 0.6290 12.1088 0.9014
RTVD 6.6056 2.8126 5.6856 7.1157 0.2328 0.5575 13.2111 0.7889
U2Fusion 6.1796 3.1756 4.6321 7.0709 0.3423 0.5475 12.3592 0.9186
SwinFusion  6.5968 3.4010 5.8062 8.1872 0.3592 0.6646 13.1935 0.8958
PIAFusion 6.4558 3.1007 5.6763 7.5976 0.2652 0.8107 129116 0.8712
FLFusion 5.9349 2.2358 4.3565 5.3895 0.1653 0.4108 11.8698 0.7768
Ours 7.0646 43918 6.6350 10.4934 0.5808 0.8746 14.1293 09173
AMIR 11.996% 48.804% 30.256% 46.366% 114.001%  54.906% 11.980% 8.377%
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Fig.6 Comparison of eight objective evaluation metrics for 10 sets of source images
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Table 3 Running time of different fusion methods
S
Methods  FusionGAN  BF SDNet SMVIF  RTVD U2Fusion  SwinFusion PIAFusion FLFusion Ours
Time 1.251 1.029 0.992 0.803 3.561 2.499 48.063 1.136 1.072 1.058
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curvature filtering image decomposition ) 28 |
SwinFusion?%), CDL (multimodal image fusion via coupl
-ed feature learning )!*), Fractal*), PCNN (pulse coupled
neural network) BUBEAT XL, M A IR —4H #8375
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Table 4 Comparative results of the objective evaluation of the FLIR 00006 scenario

(h)PCNN
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Fig.7 Comparative results of subjective evaluation of FLIR 00006 scenes

# 4 FLIR_00006 375 1% ST X b4

Methods EN AG SD SF VIFF MI MSSSIM
CNN 6.9642 6.4636 6.5088 23.0067 0.5664 2.4576 0.9442
MLGCF 7.0043 6.5462 5.7386 23.0275 0.4041 2.7186 0.9227
SwinFusion 6.9047 5.2062 6.5814 18.5056 0.2202 2.1103 0.3850
CDL 6.9642 5.7096 6.1676 18.8730 0.2764 2.8324 0.8055
Fractal 7.7249 6.5918 6.4663 23.0894 0.6032 3.2194 0.8915
PCNN 7.2290 6.3944 6.5351 22.7765 0.4827 2.6052 0.9070
Ours 7.6876 6.8140 6.8379 23.7251 0.6675 3.2313 0.9513

(a)Infrared image

(b)Visible image

(c)Denseblock
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Fig.8 Results of ablation experiments
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Table 5 Objective evaluation results of ablation experiments

Models EN AG SF MI SCD

Denseblock 6.3184 1.9436 6.2444 12.6369 0.8091
CBAM 6.8433 3.0356 7.9358 13.6865 1.8115
Attention-generator 6.8484 2.4442 7.0260 13.6971 1.8593
Attention-discriminator 6.9290 2.8020 7.5908 13.8580 1.6908
All 7.0877 3.1903 8.3740 14.1755 1.9091
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