E-mail: jig@aircas.ac.cn EPEI%%H???E

Website: www.cjig.cn JOURNAL OF IMAGE AND GRAPHICS

Tel: 010-58887035 O HEERERFRIRIFE

FEESHES TP18;TP391 XERFRIRED: A XEHS: 1006-8961(2026)02-0573-16

W35 AR :Song C C, HuJ W and Jin Q W. 2026. High-quality fusion of infrared and visible images by integrating frequency information with
atmospheric scattering models. Journal of Image and Graphics, 31(2):0573-0588 CRFEFE, WIS, #rilsC. 2026, FhAHRAEE -5 R HU R
14 e R LA S ) WO MGG . T IR DB 244, 31(2):0573-0588)[DOI: 10. 11834/jig. 250159

MEMRERERASHHRENSRE
AR ST WS AE3L o=y

RER,HAEH, i U

B TR 8 TR , i 430070

W OE. B LA 5 T OEEIZ RS (infrared and visible image fusion, IVIF) B 7ERl-& Z IR B P EAME E 4
A B S SO R AR SRR AR A A B R B A T R RE T A R R R AR i AR T O BE
PR FNEBUR RO, k] PR o 7 A T R R R, JC HOR T IR B I 2 o . ik e iRk — )i,
P — B BT Y TVIF HESE %kmﬁiﬁﬂc@ﬁmﬂ SRR AR AL AR 2 G R 8 U0 A 3 DR A A AR e 1 G gk
W SH—AE R ARG, —HESR B AT WO UG U8R B AN R B R U 5 o AN, 2 A L
AR A b5 2 )38 38 1 7 AL ,ﬁihﬁimiﬁﬂ%ﬁbwﬂ 4 W B85 R 2 R AE A S8 T il RS R SOOR L A T 3%
M. %8 £ RoadScene, TNO (TNO multiband image data collection) . M°FD (multi-modal fusion face detection) Fl
VT5000(RGB-T salient object detection dataset VT5000) 4~ FF & 4 DL K 141 i 3 5¢ A 55 508 5 AWMM-100K
(all-weather multi-modality image fusion 100K benchmark ) [ /%3256 PFA% 7R, A SC ¥ 78 5 237 50 1 il A SR
FHA Ik, Al UG EAT T I B ARG R S A T . 68 VAN v, 5 AR B 2 T AR H AR SO IR AE
15 S BRIEZE 28 (AR S S400 B VAR (15 M LU AR G R B 6 T b 3B 23 i3 T 7. 44% 44, 22%.97. 89% .
91. 01%.59. 15% F183. 68%, F W12 Jy e HAn ke 45 5 20 EAT 55 th A W &t AP Eg R
ACHICHARL S L TVIF G0, 25 A FEL A8 46 15 225 [RS8 0 1 Ry AL BT 1 R A RS B A DR e LA
B SRR AN . 2 RS A R8RS SR I S T, 4R T ST i, 3 5 2 s S IR EE T i 32
B, A E AR | Bl g R R L B WA S A 55 AR SR FH v R B B A T

KB RG0S T WG MG AT o 5 Bla B s TR 2 )

High-quality fusion of infrared and visible images by integrating frequency
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Abstract: Objective In the domain of image processing, infrared and visible image fusion (IVIF) holds a pivotal position.
[ts main aim is to synthesize a single image that can optimally integrate the complementary aspects of infrared and visible

light images. Visible light images are rich in texture details and color information, while infrared images offer valuable ther-
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mal radiation characteristics. By fusing them, we can create a comprehensive and useful visual representation that is appli-
cable in numerous scenarios such as surveillance, autonomous driving, and remote sensing. However, real-world atmo-
spheric conditions pose significant challenges. During the transmission of light from the source to the sensor, it undergoes
various alterations due to atmospheric scattering and energy attenuation. Such alterations lead to issues including light
energy loss, scattering effects that blur images, and inaccurate color contrast. In complex outdoor or dynamic environments
where the atmosphere has a strong influence, these problems become pronounced, resulting in a significant degradation of
image quality and making it difficult to obtain accurate and useful fusion results. Hence, developing a method that can
effectively overcome these atmospheric-induced limitations is crucial to enhance the overall quality and practicality of fused
images. Method To address these challenges, we propose an innovative IVIF framework. This framework combines the
physical model of atmospheric scattering with frequency-domain feature components. First, within the atmospheric scatter-
ing model, we focus on accurately estimating and predicting two critical parameters: transmission map and atmospheric
light. The transmission map reflects how light propagates through the atmosphere and gets attenuated, while the atmo-
spheric light represents the ambient light conditions in the scene. By precisely determining these parameters, we can
deeply understand the impact of the atmosphere on images and use this knowledge to enhance visible light images. This
enhancement helps in reducing the negative effects of energy loss and scattering. Additionally, to counteract the artifacts
and texture loss that might occur as a result of applying the scattering model, we integrate a Fourier transform and a spatial-
channel attention mechanism. The Fourier transform allows us to analyze the images in the frequency domain, where we
can selectively amplify the amplitude and phase features. Meanwhile, the spatial-channel attention mechanism helps in
focusing on the most relevant regions and features in the spatial and channel dimensions, ensuring that the texture fidelity
of the fused images is improved and the fine details are well preserved. Result We conducted extensive experiments on four
publicly available datasets, namely, RoadScene, TNO, M3FD, and VT5000, along with an extreme foggy scene dataset
(AWMM-100K). The outcomes of these experiments were quite compelling and provided solid evidence of the superiority
of our proposed method. In the qualitative comparison, our method outperformed the existing state-of-the-art fusion tech-
niques, especially when dealing with complex scenes. The fused images generated by our approach boasted clear object
contours, which is of great significance for subsequent object recognition and detection tasks. Moreover, these fused
images had a high visual quality, presenting a visually appealing and information-rich appearance. They were able to viv-
idly showcase the details that mattered, making them conducive to in-depth analysis and practical applications. Quantita-
tively, on the RoadScene and TNO datasets, we carried out a meticulous comparison with other deep learning methods in
terms of several key metrics that are crucial for evaluating image quality and fusion performance. Specifically, in the
aspects of information entropy, standard deviation, spatial frequency, mean gradient, peak signal-to-noise ratio, and corre-
lation coefficient, our method demonstrated remarkable advantages. Detailed calculations and comparisons revealed that
compared with other deep learning methods, our method showed increased mean values in these six important indicators by
7.44%, 44.22%, 97.89%, 91.01%, 59. 15% and 83. 68%. Such significant improvements in these metrics clearly indi-
cated that our method had a strong ability to enhance image quality from multiple dimensions and was highly capable of sup-
porting high-level visual tasks such as object detection. Notably, in the extreme foggy scenes of the AWMM-100K dataset,
which are particularly challenging because of the heavy influence of fog, our method shone brightly. It effectively mitigated
the adverse effects of fog, significantly reducing the blurriness that is commonly associated with foggy conditions. By doing
s0, it enhanced the clarity of the fused images and managed to produce higher-quality fused images that were more suitable
for further analysis and application in various fields. Overall, the experimental results comprehensively demonstrated the
effectiveness and superiority of our proposed IVIF framework in different scenarios and laid a solid foundation for its poten-
tial real-world applications. Conclusion Our study has introduced a novel approach to IVIF by integrating traditional atmo-
spheric scattering models with deep learning techniques. Through the combination of Fourier transforms and spatial-
channel attention mechanisms, we have achieved enhanced image fusion accuracy and improved preservation of critical
image details. This approach offers a promising solution for real-world applications in the field of computer vision. The abil-

ity to mitigate the effects of atmospheric scattering, along with advanced frequency-domain processing, enables our frame-
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work to deliver superior fusion results. Consequently, it is highly suitable for various high-level tasks such as object recog-

nition, segmentation, autonomous driving, remote sensing, and security surveillance in dynamic environments. The poten-

tial of our proposed approach for practical use across diverse fields is truly significant. It sets a new benchmark for future

research in this area, inspiring researchers to conduct further investigations and improvements in IVIF. This breakthrough

will likely lead to the development of more effective and efficient methods for dealing with complex atmospheric conditions

and attaining enhanced visual representations, thus advancing the entire domain.
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2 2F 1k H AR I (SOD ) AE: 55 Hh Yz AL RE 1, A 3C
i FH VT5000 (RGB-T salient object detection dataset
VT5000) Fl VT1000 (Zhang 55,2020 ) £ 4 , i 0 4%
Az A R R 028 =, BTN fe 2 10

FPER o [EIE, S 7 e i A SO A B Y

A EURAE R 5 =5 ATE SOD AT 55 Hh 1A R, A SC
ST T AE VT5000 ZdfE 4R LR & 455 . VT5000
BAREEAL T 5 000 XFLLANAAR AT AT DL R, LK
L1 SOD Bt MR RL — fEAR 2, Herh, 2 500 X
F gk, HAx 2 500 % Tt
2.2 KWEWE

ASSCHE A A T 8 PyTorch fEZRSC PR, -
fE— 3 B GPU 19 NVIDIA GTX 3090 I-#47. 7EVI
YRBi B, A SCREALE SR F VTS000 £ 42 I 2R 4R
1492 500 % IR HEAT IR , AR08 IR 173 PR30 480 x
64015 % . ULAL, B T #E VIS000 A 1 PPAli 4% 3¢
T3 A SN 3k T K AT Al T AE MPFD | Road-
Scene \TNO il AWMM-100K 484 1= 1972 kg

AR Adam FEATIELL, BLE A B =0.9
B, =0.99, 285t 18 K UGEAQ, B U AL iR
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N 4o WG AT RICE N 107, FAE R 0. 625 KIK
BACITIZ 0. 97 (N T E 2 5. 3 (6) Y S EL
b BEEL 0. 15, ARG P A S0 A (ke 1
)L (19) Y S o o il o 5350 B E o 20,
55,

1 oo, Mo, NESHHH

Table 1 Hyperparametric analysis on «,, «, and a,

HEH EN1 spt SF 1
o, =5 6.960 37.797 14.241
a, =10 6.890 35.291 14.266
o, =15 6.933 36.375 14.624
a, =20 7.036 46.948 14.751
a, =25 6.837 34.008 14.376
a,=1 6.882 36.166 9.736
a,=3 6.845 35.364 10.183
a, = 7.036 46.948 13.259
a,=17 6.800 33.461 8.902
a, =10 6.793 31.907 8.798
a,=1 6.930 37.029 9.809
;=3 6.904 35.130 10.543
o, =5 7.036 46.948 14.751
a, =7 6.931 36.212 14.402
o, =10 6.830 34.007 14.181

VE I TR BROR o o PRYBRARSR 1 7 FRIR
(B

2.3 TFMIERR

AR SCHERE 6 NG ITAN TR AR AT AL TPl AL
5 (entropy, EN) . b #ff 2% (standard deviation, SD) .
73 [B] 5 K (spatial frequency, SF) 35 B (average
gradient, AG) | I& fH {5 W Lt (peak signal to noise
ratio, PSNR) il A ¢ £ % (correlation coefficient,
CC)o ENH T RACERMEIE ., Bmm) BB
TR R BN 2% SO R R A ) 2%
IR MR B B N fRT B, SD AR 29 B (8 1 2 U
i, SO T ER S BE R A AR AL . SF AR R
Gorbag B sl e AE A5 ) By AR feR ARk T MR
(A0 SRS o AG 2 FH 100 2 R T8 i 3
BURE MR bR, 8 AR SRR R 2 ) B o 24 5 A
PR S, 38 T PP A 50 2% % B AT L

JE o PSNRZ—AN) 2 il Y RS B i PP A T 4, i
b A PR A (R IR RS R AT HE BT A
FIG 5 i . 4  19 PSNR R 5 267w BUER T
O, e FLEME PR A /b CCl Rt I X AR 2 A =2 [
A A OC 2 i AL PR PR O AR DL, 3 — 8 hm 3 ]
TR AN LA 55
2.4 FEERL

J T ATV A SO B PR RE , 2EAT T E B
TEPESEE, 5 7 R AR Se IR OT IR AT YERERS LL , AR
CrossFusion (Li f1 Wu, 2024) . EMMA (equivariant
multi-modality image fusion) (Zhao 4§ , 2024) | IRFS
(interactively reinforced paradigm for joint fusion and
saliency detection) (Wang 4§ ,2023) . PAIF (perception
aware infrared visible image fusion) (Wang 45 2023) .
LRRNet (learning representation with regularization
network ) (Li 5% , 2023) . SwinFusion (Ma 55 , 2022) Fl1
SuperFusion (Tang%5,2022)
2.4.1 EMSER

£ MFD . TNO F1 VTS000 £ 4 4 b 14 10 5 45
K 4—KE 7 s o a] LLA i, PAIF  SwinFusion £l
CrossFusion % il {5 24 L #5A ™ 25 (14 W) (A A [ T,
EMMA 7 O 45 1] 0L 56 B R 208 ) B8 T 11 47 75 R
HE A4 T IRFS Fl LRRNet, 4 3O B AE AR FFLL A E]
P B SR RRE B [ A OR B T A i 2%
AN, WK MG A m] LU HY AR SO EEAT S50 3
ST AT DG EHR A RS U

% JE BN AR SRS AR S5 3045 i A
2 B ARSI (SOD)ATE: 55 B 5% = I A, LUK
MR Z2 D) e, BRI AE VTS000 R4 Ttk AT T 40
B LUHE, S RN A 8 7 o

N TRt — L R AR SO AR B R T
AWMM-100K ¥ £ F ot 477 208, anP 9 B
PR S TS AR TR R 7RSI
H, AT H HL A Rl £ 77 5 (41 PATF  SwinFusion £l
CrossFusion) 30t 0 PR RE , J0HAEHR = 0T LE B
FILR BE 55 S PR A A0 19 D7 TR LAt o FRATULEE
FITE A SCREOR R R & g iR SRR 2
) B oF L 32 Y 2 08 i, o R OIS B 1 A AR Al
X — 3SR AT A 2 /T 2 AL S HE SRR L, B 5k
VT 8y 000 BT S, A P 10 AL 11 B
2.4.2 ERTE

Xof T R AL B R A A a4 o3 1 Bl 4
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Fig. 4  Visual comparison for “00349. png” in M’FD dataset
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Fig. 5 Visual comparison for “00671. png” in M’FD dataset

Infrared
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Transmission map
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Fig. 6  Visual comparison for “008. png” in TNO dataset

W M’FD . RoadScene 1 VIS000 $(#i 45 , A SCi s f8bah 1/ 1 FRoRBERA/MEF ML, W5k 2—
FE MR XA R SR ATVl . AHHLZ T 0 T 6k R4 PR, ARSI B AE MFD A TNO A i1 - 15
Z PiE SCArEIR TNO B 5 , A B BIL 4 37 X 14 b f 26 8 R S 1 A O 12, SR 1 T AR SR A
BT E B AL, E A RNk 2— 3R 5 s, AR EMEMOL AR, B &Y EN 1 SD 4543 S ik
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Fig. 7 Visual comparison for “015. png” in TNO dataset
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Fig. 8 Visual comparison for “794. png” in VT5000 dataset
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Fig. 9 Visual comparison in AWMM-100K dataset
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F2 AEREF AT RoadScene HIEE FHEE LR
Table 2 Quantitative comparison of different fusion

methods on the RoadScene dataset

K5 AEBLVE T ETE VTS000 BEE FHES LB
Table 5 Quantitative comparison of different fusion
methods on the VT5000 dataset

7k ENT SDT SFT AG?T PTSZ:; cct WIReS ENT SDT SFT AG?T PTSZI];‘ cct
SwinFusion 7.002 44.032 11.744 4430 13.174 0.623 SwinFusion  6.771 40.609 8.333 3.368 13.046 0.461
SuperFusion 6.990 41.296 11.652 4.367 13.978 0.591 SuperFusion 6.245 31.014 7.455 2960 10.118 0.606
IRFS 7.253 44364 12470 4.689 11.122 0.478 IRFS 6.454 29205 4.932 1.986 10.836 0.687
PAIF 6.892 39.183 7.740 2.795 14.678 0.600 PAIF 6.556 33.646 5.456 1945 15.006 0.641
LRRNet 7.139 42.608 11.954 4.587 11.758 0.621 LRRNet 6.902 42206 9.042 3.443 14.832 0.659
CrossFusion 7.180 44.709 11.459 4.374 12.038 0.539 CrossFusion 6.961 41.909 8.753 3.589 14.010 0.669
EMMA 7.401 49.686 13.895 5.489 13913 0.644 EMMA 7.068 42.805 9.042 3.832 14.760 0.654
AL 7.405 56.509 15.053 5.820 17.701 0.878 AR 6.997 42.905 9.118 3.141 15.018 0.623

TE L R RIZ PR IR S R Al RS 2R

3 AEMEHFEEINOHEE FNEELE
Table 3 Quantitative comparison of different fusion
methods on the TNO dataset

Wik ENT SDT SFT AGT PTSZE cct
SwinFusion  6.920 40.929 10.951 4.241 13.394 0.527
SuperFusion 6.788 38.076 9.342 3.558 13.830 0.508
IRFS 6.809 38.720 10.266 3.751 14.652 0.505
PAIF 6.331 34.076 7311 2230 14230 0516
LRRNet 7.024 42749  9.595 3.828 13.740 0.501
CrossFusion 6.992 40.531 9.788 3.721 13.704 0.451
EMMA 7.018 46.900 12.378 4.850 13.934 0.519
A3 7.029 46.948 12.978 4.973 14.751 0.585

E L R R PR IR 2 9 IR Al RS R

*4 FEABMEHEEMFDHEE FNTEELE
Table 4 Quantitative comparison of different fusion
methods on the M’FD dataset

Jik ENT sDT SF1 AGH PTSZII; et
SwinFusion  6.799 35.656 13.631 4.588 13.220 0.519
SuperFusion 6.692 32.382 11.296 3.772 13.295 0.482
IRFS 6.537 28460 8.392 2.844 13.062 0.549
PAIF 6.520 37.627 8.209 2.449 14.304 0.479

LRRNet 6.440 27.185 10.704 3.606 14.377 0.541

CrossFusion 6.588 30.897 11.596 3.860 13.435 0.421
EMMA 5.857 36.388 14.923 5.130 13.675 0.476
A3 7.029 41.109 13.325 4.678 14.395 0.483

E L R R TR SRR 2 5 iRl RS 2R

T L R RIZ PR IR S R Al OIS 2R

*R6 AERAHEEAWMM-100K #iEE FRIESEE
Table 6 Quantitative comparison of different fusion
methods on the AWMM-100K dataset

PSNR

Jik ENT sD? t /dB

SF1 AG? cct

SwinFusion 6.973 39.124 4978 1.720 7.383 0.669
SuperFusion 6.968 39.644 4.966 1.700 7.312 0.662
IRFS 6.449 27.266 4.310 1.802 8.976 0.705
PAIF 6.146 21.661 4.466 1.110 9.203  0.713
LRRNet 6.935 37.264 4912 1.799 9.185 0.651
CrossFusion 7.209 44.844 6.485 2.398 9.002 0.561
EMMA 7.391 52.981 6.863 2.432 8.130 0.662
AL 7.219 41.305 7.057 2.456 9.258 0.721

TE LR RIZ TR R S el RS

PEAUE T B B MIEES . R4 AGHEAR AR IAH]
S A (8 B S RS 40 22 18] 9 BB 25 1 1T
Hio
2.4.3 BB RARISHON

AR 7 Fp ek A 2T 405 AT UL EMR A T vk
AR I/ NSRBI AT 41 3. TERCRIEAS
H HERR T B i 2k Fn Ak B S R) 4R MPFD £
£ (£ 75 300 X JELUR 21 Ah—n] L6 B 1 R 34
PEAS T B A7 B 0 HE B ] . A0SR T ron R
IRFS F1 LRRNet Jf& B T e /IN AR AR /NI B 6 1 ~F
VI 1R] , E e AT 0 T R e e IS AR SR
R, BRAh, G5 0AR R R A AR ORI AR AR T L h
3 Fp BB RRY K, L 7E 4 BR A ) L B AT A
SPhEE:, E2 R T AER M 2R . AR SCRIRIR
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ZINBRY I T T A 2 s R A 5 AR T TR
AR CHIUR SR, Ak, AR SO IR e 3 1
S 4 J7 IR0 P X g R AR 0% A B R A T
0.03 s,

&7 7ERoadScene F#E 5 | 300 X [ {5 H IR B 8]

Table 7 The inference time on 300 pairs of images in
the RoadScene dataset

ik ZHR/IMB | IS |
SwinFusion 0.974 3.634
SuperFusion 1.962 0.417
IRFS 0.242 0.005
PAIF 44.865 0.176
LRRNet 0.197 0.005
CrossFusion 20.801 0.990
EMMA 1.516 0.071
PSS 4.930 0.024

TE R R RIZ TR IR S5 R A4S

2.4.4  BEVEHBEI(SOD) TS5 45 85T b

R T AT LA 5 ] WG Rl A B AR
F M bR A (SOD) PERE Y R, AR SCHE A T
VT5000 F1 VT1000 4 5 i 47 55 55 , 3 P 44 48 4R
P10 5 R SOD AL 55 LI T i) “(H B AR . AR
SCRH FC?Net fE R SOD [y FELEAR Y B A SC 5 e 1
G 25 S DL B 7 g S A i R 1 45 A S B
AR AR B EER . B 10 fE 11 RR T 1
VT5000 F1 VT1000 4t 46 b Ay T 8 3214 Pl 1 s
RRRAL , 1 2 8 FNE O MR L T s B DA

FEVPAL A8 AR 7 H A SCIERE R Y S, F, (E
MZ5GPPAE SOD HEfg . BARIN L S, R 4514 AH 1L
PERE & F, 254 TR B ANE I b T 3 & 2%
PR B AR 2 (] (6 FFFE B, B a5 X 5
B MARER B iRk 25 SR T — Rl P4 i 7 00T
il S 35 VR BUZE S50 X 5% RIS R 900 2 O 1l 1Y
JFih

R 8RR 9 M & it 45 R R W, £E VT5000 F1
VT1000 a4 -, >R AR SO A= 5l iy il 6 RUS A
R I TR AAE 4 B SOD PEAT 5 Ax T HL
BT TR RN, X —Z5H R, Tl iy o 2 1 &
5 ELSIRRAE 2 [H) 0T 55 AR R T R, 1 1R 2 I 2 Uk
D AH A D R R AR . XS R I B T AR

BERIAE LT A5 ] WO MG Rl & v B A R, i — 20
TER T A i o I 3 G DK B2 7 AT 4 5 O R
HAA R A& A FEE

x8 EZMHIREN (SOD)EETE VT5000 #iEE LY

EEER
Table 8 Quantitative results of the SOD tasks on
the VT5000 dataset
Jitk s, 1 F,1 E" Ml
SwinFusion 0.847 0.780 0.885 0.049
SuperFusion 0.871 0.791 0.896 0.037
IRFS 0.863 0.823 0.902 0.041
PAIF 0.852 0.797 0.885 0.044
LRRNet 0.846 0.779 0.907 0.048
CrossFusion 0.869 0.803 0.887 0.036
EMMA 0.847 0.781 0.916 0.047
A3 0.881 0.839 0.925 0.033

TE LR RIZ TR R & 9 e L IS 2R

x9 EZMHHIREN (SOD)EL VT1000 #iEE 1Y

EEHER
Table 9 Quantitative results of the SOD tasks on
the VT1000 dataset
VRS s, 1 F,1 E" Ml
SwinFusion 0.912 0.881 0.928 0.026
SuperFusion 0.921 0.887 0.936 0.021
IRFS 0914 0.870 0.925 0.024
PAIF 0.907 0.880 0.934 0.028
LRRNet 0911 0.881 0.872 0.781
CrossFusion 0.917 0.872 0.929 0.022
EMMA 0.847 0.781 0.885 0.048
AL 0.923 0.896 0.941 0.020

TE IOHL R RIZ AR & SR A RS 2R

el 10 A 11 7R, I FHAS SO AR i i il
BRURAE Ay i A A B S8 25 1 Pl JEL A oy 1 M 1
IE 2wl T AR . B 11 7R T M VTS000 %X
Pt 45 B AL B 10— 7 R A T M T E A
557 B H A A 7 v AR R R B, AR SORE AR A
W JE S P o 1520 26 JE0 1) S0 43 B TR e, I LA B R T
T AR vt e 1 2 B I . AN &1 10 B, AR SCA%
HY ) FU AE 5 B SR 2 (ground trath, GT) X 55 7
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Fig. 10 Visual comparison of saliency object detection in the VT'1000 dataset
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Visual comparison of saliency object detection in the VI5000 dataset
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Fig. 12 Visual comparison of ablation experiments on the VT5000 dataset with various module combination

((a) infrared image; (b) visible image; (¢) wio ASEM; (d) w/o FSCA; (e) ours)

K10 VT5000 #HEE EAFRRIER K EE S
Table 10 Quantitative analysis of ablation experiments on

the VT5000 dataset with various module combinations

PSNR

SF1 AGT + /B

¥ ENT sD? cct

wlo ASEM  6.427 28.615 4.559 1.928 10.626 0.652

w/o FSCA  6.826 42.807 5.383 2220 14.930 0.631
A3 6.997 42.905 9.118 3.141

TE IR R R 2 5 B A4 2R

15.018 0.622
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