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Dual-branch feature enhancement and calibration network for

low-light images
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Abstract: Objective Low-light image enhancement (LLIE) is a key challenge in computational photography and computer
vision, with critical applications ranging from autonomous navigation and night surveillance to computational imaging.
Although existing methods in sSRGB, HSV, and YCbCr color spaces have shown effectiveness, they face an irreconcilable
trade-off between preserving color fidelity and suppressing luminance artifacts, often introducing chromatic shifts or halo
distortions during the enhancement process. Recent studies focus on color space optimization. YCbCr-based methods per-

form shallow luminance processing (e. g. , linear filtering) , causing an imbalance between chrominance denoising and
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detail preservation. Accordingly, the performance of these methods is capped. HSV space strategies decouple the hue and
saturation components but cause color discontinuities due to polar coordinate quantization. This study proposes a novel
lightweight LLIE network to address these limitations. This network fully leverages the channel decoupling properties of the
HVI color space, minimizing the mutual interference between luminance information and color structural information dur-
ing enhancement. Method We propose GCDINet, an end-to-end framework leveraging HVI color space’s physical decou-
pling. The architecture comprises: 1) a dual-branch structure that processes value-intensity and hue components indepen-
dently via the GCFE module, which utilizes dual GELU activations and element-wise multiplication to generate spatial
attention masks; 2) a dual-path adaptive feature calibration (DAFC) structure that nonlinearly modulates illumination and
chrominance features before reconstruction; 3) a composite loss combining HVI-space and sRGB-space constraints. The
novel HVI color space decouples images into luminance and color structure maps at the original resolution, allowing the
dual-branch network to process luminance and color structure information independently. This mechanism avoids interfer-
ence from processing in the same feature stream and provides independent branch information for the GCFE module. A
DAFC structure nonlinearly modulates the illumination features from the luminance branch and the chrominance vectors
from the color branch before feature reconstruction. This approach guides information reconstruction during decoding, sup-
pressing color fidelity loss and luminance artifact amplification caused by information loss. Although the dual-branch struc-
ture and gated convolutions decouple luminance and color structure information for a refined feature enhancement, uneven
channel weight distribution during feature fusion can result in the loss of key luminance and chrominance information. Dur-
ing training, we optimize using a composite loss function that combines L1 intensity loss, structural similarity index mea-
sure (SSIM) loss, and edge-aware regularization. The model is implemented in PyTorch with the Adam optimizer (8, =
0.9, 8,=0.999), an initial learning rate of 1 X 107*, and a cosine annealing decay strategy that reduces the learning rate
to 1 X 1077, Training is conducted on an NVIDIA RTX 3090 GPU for 1 000 epochs. The training images are cropped to
256 X 256 with a batch size of eight. We apply random rotation, horizontal flipping, and vertical flipping for the data aug-
mentation of LOLv2-Real-captured. Result Comprehensive evaluations on the LOLv1l, LOLv2-Real, and LOLv2-Synthetic
datasets demonstrate the state-of-the-art performance of GCDINet. On the LOLv1 dataset, our method achieves the best
results in terms of SSIM and learned perceptual image patch similarity (LPIPS) and is only 0.76 dB short of the best
method in peak signal-to-noise ratio (PSNR). On the LOLv1-Real dataset, our method attains optimal results in PSNR and
SSIM and is only 0. 006 short of the best method in LPIPS. Experimental results on the LOLv2-Synthetic dataset demon-
strate that the proposed method achieves a PSNR of 25. 698 dB, an SSIM of 0. 935, and an LPIPS score of 0. 047. These
metrics show improvements of 0. 028 dB, 5.3%, and 20.3% compared with the state-of-the-art LLIE method Retinex-
former. Furthermore, the computational complexity is 7. 94 GFLOPs, which is 50% lower than that of Retinexformer,
achieving an effective balance between speed and performance compared to the existing methods. Ablation studies show
that the PSNR, SSIM, and LPIPS can be improved by 1. 9%, 0.2%, and 9. 4%, respectively, using only the dual-path
adaptive feature calibration structure. When integrated with the GCM module, these improvements increase to 2. 8%,
0.64%, and 11. 3%. The utilization of HVI color space decomposition yields in enhanced PSNR by 18. 9% over the HSV
baseline, SSIM by 6. 4%, and perceptual quality by 64. 3%. These three evaluation metrics improve by 4. 9%, 2. 1%,
and 36. 4% compared with YChCr. The use of only the HVI loss lacks pixel-space consistency constraints, resulting in
large pixel errors and decreased performance across all three metrics, especially PSNR. By contrast, the use of only sSRGB
loss focuses on pixel-space enhancement but ignores the low-light probability distribution in the HVI color space, resulting
in color imbalance. However, from a visualization perspective, the pixel-level errors and color distribution of using only
HVI/sRGB loss functions are not intuitively observable. Conclusion The proposed LLIE method in this study effectively
combines the advantages of a dual-branch structure and the HVI color space, achieving a balance between color fidelity and
luminance artifact suppression in low-light image enhancement. GCDINet resolves the fundamental trade-off between color
and artifacts through deterministic component decoupling and adaptive feature calibration, with ablation studies confirming
the synergistic benefits of the GCFE and DAFC modules.

Key words: low-light image enhancement (LLIE) ; HVI color space; dual-branch feature enhancement; gated convolu-

tion ; feature calibration
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Fig. 1 Performance comparison between the proposed GCDINet and existing methods on the LLIE task
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Fig. 2 Network architecture diagram ((a) the overall framework of ours; (b)the structure of the GCFE module)
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i . Model _GCDINet,

DRIIR B B - R/ 8 AR LR Bl 1 000,
K AR T BELIR K 2 2] SRR R W, DI IR 2] R
H1E-4.

2)PEI N LR B -

3)fori=1to 1000 do;

4)  #H AL RE T T

5) I,.,.,=GCDINet(I,);

6) #HE(11)IHEHL;

7)ot = HVTU ) 5

8) I...=HVTU,, );

9)  L=LU s L) + LU et > Lo

20, +
SSIM (x,y) = Ty ™ C2
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®E, B, ERE, £XF, EHEB, S0
R R EBRAI NS TR IEE R 5 B M 4

10) # LRI R NS SHRE ;

11) L =backward(L);

12)  #FH Adam 5555 BB A 244
13) Adam(model. paramsters() ) ;

14) #RFHRTZIR KRB IR 27 2 K s
15) 1fi <250 lr 483802 0. 000 2;
16) Elseifi=2511rE &} 0.000 1;
17)  Else Ir 5% 98/ % 0. 000 000 1;
18)End for,

2 LIGERMITTE

2.1 HIR&EMIRE

K LOLv1(Chen %£,2018) .LOLv2-Real-captured
F1 LOLv2-Synthetic (Yang %5 , 2021 ) iX 3 7~ HF H &
PR LLIE K& i £ 4l 5 R 17 AL o LOL B i 4 A7
LOLv1 F1 LOLv2 AN RAS o 55 B 75 LS 8508l S )
B BB 1) LOLy L AH L, LOL-v2 43k B3 T4
E T4 . W5 LOLv Ml LOLv2-Synthetic , #43)1l 24
FUZIRTT I 256 x 256453 3 K/ HEAb B/ N EE Ky
8, 1fij J5 X GCDINet Yl 2k 1 000 # K . Xf T LOLv2-
Real-captured , ¥ Il 2k KR 347 BEALIE RS 7K1 0 5%
DL R T BB TR G . R/ E O 8,1l
45 GCDINet 1 000 K

S 1 8 PyTorch 52 B GCDINet. fii F #2.
> NVIDIA RTX 3090 GPU, % ff] Adam (Kingma #il
Ba,2015)fltfb#% (B, = 0. 9 FIB, = 0. 999) XA /17
Wk WBEPIIR 2 8 1x107, SR e FE I 2t
i 42 5% 18 Kk SR 1& (Loshchilov #1 Hutter, 2017)
Xof 2 2 BEPEA T R L HAR DR E] 13107,

PEAN 6 A5 R FH R PEAG i P B 0 ({7 Mt L
(peak signal-to-noise ratio, PSNR) , %5 ¥ #H 11 &
(SSIM) (Wang 55, 2004)/E 2k BAG bR . Sy T ATV
iR 52 AR BB i, 4 SC LA AlexNet (Krizhevsky
85 ,2017) h 2 7%, fdi 2 ) O R e AR )
(learned perceptual image patch similarity, LPIPS)
(Zhang% ,2018) , FHF1PA MG B i &
2.2 X

% E GCDINet J5 ¥ (8 20PE 5 0Bk , A< 4y
W TE A FEWERR AR 5 i or ik T e S
PELCER , L BB 1 58 SR et AT PR O T S
G, i 7E LOLv] \LOLv2 Z A S e Bl 4 5

TR ERIG AR S F WA ) e xTL, B
TELEA P AR R A PR AR 388 5 o I 09 R R B (5 %
TR E T T ZRA TERE , IR A S AT A MR 29 )
T T S PR R RE ST 5 LA L £ XT LOLv2-Real
BHE AN Zhrb s B A B S ) R, R IR T4
P 14 50 SR W BT S0 3 Ao 2R G VA S TAL B S A
AU Grfsme M, I B 2000 G foe A4 Tic B DA 4R T A Y
ez 5T Iz ALE 1 SE M.
2.2.1 FESLEEER

MF 1A LLE 7 LOLvL B 4E |, Fird o7 v
F£ SSIM H1 LPIPS 48 45 I BUAS f LR , 7€ PSNR 45
B b AN B S5 P O 2 ARG T 25 A 22 0. 766 dB Al
0.223 dB. 7E LOLv2-Real ¥ 9 % |, A $2 07 ¥ 7
PSNR 1 SSIM #5448 b b A BSR4, 76 LPIPS
FaAn b e B 7 ¥ A 22 0. 006, 7E LOLv2-Synthetic
AR L gk T A R bR R L . S Ak,
JIr $ 77 15 7E PSNR (SSIM . LPIPS $5 45 J5 I T3 T
RGB e {4757 GSAD , 1 ELAUFI FH GSAD S8 1
10%. 53T Retinex 1Y) SOTA (state of the art) J7 &
Retinexformer #H [t , GCDINet 7£ 3 1 H1 Y PSNR 545
F¥ A LT Retinexformer, 33X 3222 [K] Sy P Fj s 764
WitWI R EA 2R Retinexformer B S50 K 1A
AT o PR AR 25 (i L LA A i &
AE 71, IR I, B % BEORS 40 b B 2 R MR R, AT 78
PSNR i A5 R R B b B RO 47 i
GCDINet 5 3T H b5 2 — & P 58 5 %0OR 19 F i
GCDINet 115 & 2% i {5 Retinexformer H4 50%.
XX 3E K, S BRI 35 e ), 3 B
RUTE PSNR 4845 A3 — & B4

AR 2 S an i 5 iR 25 RIE N Ry
HE I 7 S B A 1 TR T o B0 5 A TR B 5 FE A
SRR L N5 AE 15 B 25 28 4 [T, 7E GCDINet
A FRZE AR B T AR il TR Y GCFE
R H Y ) P A BE B, 5 B, , NI LEAS 0> B 7 T4
H BT 55, e LLIE 2 F rp RS2 A5 B S5 (R 45
Fa A BB AW R i 52 B2 O s AT in) 8. T
By BORUiH 1 3 oy ARp fIE A HE 25 A 1 5 | 5, AT RGeS T
R R 25 40 15 Bl e S8y i Al s . 5 0h 1
T8 S 5 R A B IE T GOFE AR B A XS AL 3
FENER TS5 1 () B
2.2.2 BRI R AT

FE N 25 8 78 oW %% 21 B LOLv2-Real 540 4
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Table 1 Quantitative comparison of results on LOLv1 and LOLv2 datasets

‘ " B LOLv1 LOLv2-Real LOLv2-Synthetic
WIRES DRER i FLOPs/G
™ PSNR/dB T SSIM 1 LPIPS | PSNR/dB T SSIM 1 LPIPS | PSNR/dB T SSIM T LPIPS |
RetinexNet Retinex 0.840 584.47 16774 0419 0.742 16.097 0410 0.543 22794 0.840 0.171
KinD Retinex 8.020 34.99 20.860 0.802 0.160 17.540 0.669 0.375 18320 0.796 0.252
ZeroDCE RGB 0.075  4.83 14861 0559 0222 16.059 0580 0313 17712 0815 0.169
DRBN Retinex 5470 48.61 16290 0.617 0.160 20290 0.831  / 23220 0927 /
RUAS Retinex 0.003  0.83 16.405 0500  / 15326 0488 0310 13.765 0.638 0.305
LLFlow RGB 17.420 358.40 21.149 0.854 0.119 17433 0.831 0.176  24.807 0.919 0.067
EnlightenGAN ~ RGB 114350 61.01 17.480 0.651 0.153 18230 0.617 0309 16570 0.734 0.220
SNR-Aware  SNR+RGB 4010 2635 24610 0842  / 21.480 0.849 0.163  24.140 0928 0.056
Bread YChCr 2.020 19.85 22.960 0.838  / 20.830  0.847 0.174  17.630 0919 0.091
PairLIE Retinex 0330 20.81 19.510 0.736 0248 19.885 0.778 0317  19.074 0.794 0.230
LLFormer RGB 24550 22.52 23.649 0816 0.169  20.056 0.792 0.211 24038 0.909 0.066
Retinexformer  Retinex 1.530  15.85 25.153 0.846 0.131 22794 0840 0.171  25.670 0.930 0.059
GSAD RGB 17.360 442.02 22770 0.852 0.102  20.153 0.846 0.113 24472 0.929 0.051
QuadPrior  Kubelka-Munk 1 252.7501 103.20  20.310  0.808 0.202  20.592  0.811 0.202  16.108 0.758 0.114
CIDNet-wP HVI 1.880  7.57 23.809 0.857 0.101  23.690 0.861 0.135 25.049 0.935 0.048
GCDI (A1) HVI 2.050  7.94 24387 0.858 0.096 23.891 0.866 0.119 25.698 0.935 0.047

M TR RIS BTN R ARG /" FORRAEZ B LRGSR . PR USRI AL FLOPs (floating point operations ) 7E LI 256 X
256 ARG LI T 7 L RS (R B TR

PairLIE GSAD

5 Al AL RIA

Fig.5 Visualization comparison of enhancement results

CIDNet

GCDI (A30)

HE

Retinexformer

S BB S ) AL e o i o A o W A B 12K
i BAR AL B R DL B AR R RO O AR | (H 37 5[]
e s, S Uk A K ) (R 25 18] 20 A 52 9 i B2
— . XMEIRTIAR MRS 55 R SHOE R 2
HR A SR T ) A f] i S5 e R R R

[l Ay el i I, AR SCH H T ML L AT A 4
Y e S R S . BT AR I R
il SEAR I — 2 (A % P XA A T /KT /3T B
B BEALA SRS A TRAL B A o TS O DR
BAGRRNE A AU ZE R T LOLv2-Real B4 4 I 2iod A2
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®E, B, ERE, £XF, EHEB, S0
R R EBRAI NS TR IEE R 5 B M 4

H R A R AR R ) A

ST W A N 5 R B Y R 4 S,
LOLv2-Real £04f 45 1 T AL PS80 04T 0 . ane 2
BN L 2 BERE /BB 2R P = 0. 30 B, B8 0 7 I 58 4
B et fabr. PSNR ik 23. 891 dB, HL Ik M (E 12
F+0. 434 dB, SSIM $£ 7+ % 0. 866, [Al i LPIPS 545 T
R 25 0. 119, 2 B34 5 5 119 [R5 7 245 KA AH AL 14 gk
MUy A B NGE . HARTEEE, P>
0. 30 B 4% 48 A5 H 30 B 5 % 3l (SSIM K F% 0. 46%,
LPIPS | Ft0. 84% ) , i A] G Y i B 119 2% [] 25 6 1
I T ARG RE DXl 9 W 7 A7 e, S BB A 2 o] 3]
PR
2.3 HE#MR

IR ABAEA SCF R GCDINet FP 4N o4 4
BBV S RO BT T 342 U T o S
5o T, AR Rl SIS R ST AL T MHSA AR
e GOM AER L) K WU AR 38 IO 4 1 A 7 445 4 Yo A5
RIPERE RIS, SHRG DTl B AR B 5 P AR
AR T ok, S R A [ LSRG, B
AT HVI AR 25 (B A 3T 1% 48 HSV . YCbCr %5 [H] 7E
ff RS B 5 A B I Oh e T A LA R
S, R SRS SRS, B AR SRR A HVI
75 6] 55 sRGB 45 [A] 451 2% oR 45 1) 6 220, Il LAY 25
P M 2 b BRI R R . A T H i 8
Fka e M PERE , 250 #0278 LOLv2-Synthetic %4 4
TR

#£2 TELOLvV2-Real HiE&E B S S

Table 2 Analysis of preprocessing parameters on the
LOLv2-Real dataset

BEXL /BN ER P PSNR/AB 1 SSIM 1 LPIPS |
0.15 23.205 0.850 0.138
0.20 23.311 0.861 0.119
0.25 23.329 0.862 0.121
0.30 23.891 0.866 0.119
0.35 23.457 0.862 0.120

TE IR FRR SR R R, T " Fon M B, |7

FRH TGS .

2.3. 1 BEHE bS5 o A

fift FH e i 25 5% (3% 3) Al ML 25 5L (&1 6) B ik

T GCDNet H1 i I . B 6 Hh ™ A7 7 WL

Ao A SRR A E LA , 5 AR O R (5 HE R R
T S N ONE S

#3 GCDINetHEEHEHHFLIGLER

Table 3 Ablation study results of main modules

in GCDINet
N oo o S
N - - - 15399 0.730  0.207
N N - - 24979 0929 0.053
N N v - 25456 0931 0.048
N N -V 25176 0928 0.053
N N VooV 25698 0935  0.047

T L P RN A BB A R A" FRR U AR FLE MR
TERCEEH =" 43 BB R R RIASR A, 1 7 s (i
R, L RN TS

F3ER T T T vE S E ARG T Al S 08 4
P 5 VAT R ARl T B T AL R 1 5
B U-Neto 1 MHSA B A SE il U-Net W 4%
H, PSNR .SSIM , LPIPS 3% 3 N5 4520 H4 T+ 62. 2% .
27. 2% 1 74. 4%, 3% Ut B 1 35 AL FE X533 3 53
0o 2 v ELAT AR KA Ry VS 7 o 38t 1] 6 Y MHSA A5
P vl AL 45 S 0] LA 21, MHSA B iof 457 K
PRI OC R, AR B2 R 4 s SO

PR 3 R 1. 34T S BR 45 2R W , 76 MHSA
R FLft F A GCM B4 i GCFE #2834~
FEbR oy AR T T 65.3%.27. 5% F176.8%. MK 6
T GCFE BEH iy ] AL 45 S v LA 2], MHSA 5
GCM fSEH (1 25 4 F S A2 B A3 A i B8 ik, 5 8K
DL T 5L BV R B S B s AR AR LR
[F) R0, 6A1E T BTt GCFE Rk il A 25k

XPEGFE 355 2 44T LR 45 R R , 7 MHSA 5
B ity FEmly b R OUK AR F Al N R AR RS HE L, 3 A4
FEFRAE AR /N (DR 6 Hhfif FHBUES A2 11 335 7 AR AE
B WEZE R T AL 25 SRR, BUR I (AR 250 15 B
N, 5 @ N8 Ground Truth, 3 4M48
PR B S B 0 B DU A% 11 335 I R R 254 5
MHSA £5 B I 0% A5 R 4 1938 B 2R, T ik 25 SR 56
E T PR E BB AR F 3 0 AR AE A HE LS A8 A R

XL 3 WA 1 S AT SC R 2 SR BoR , [ IH
WU AR A T8 O R 1E A HE 45 48 F GCFE Bk, il 5 4%
BT 3445 3] 5 A A AR R P BE |, 3 A48 A 2 I 42
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Fig. 6 Visual ablation study of core modules

66.8%.28. 1%.77.3%. K6 W/~ , AHUNLAE S
FE 53 A (L1058 ) MK & (I 6, HE ) J7 TR
B fd:, RIS S 4E MO B T 10 2R U (B 60 A ) AN
SOGRR B A P (SR A HE) o S8R i AR A AL
TR 25 S BE T B4 5 2% A 3k .
2.3.2 MHSABHGE R I LB

AR AR CR I BAIE MHSA A5k v i3 3 7 3k
B BRI PERE AR, BT T R T S A X
Fe s, 25 ANk 4 fs . “2-2-27, “4-4-47 | “8-8-8”
F12-4-8" 3 5| Fe 7 3 YAl H MHSA B8 v & 71t

R4 MHSAERZIHENEINBER

Table 4 Comparative experimental results of multi-head

numbers for MHSA module
Z3&H® PSNR/IB 1 SSIM 1 LPIPS |
2-2-2 25.137 0.921 0.069
4-4-4 25.161 0.928 0.052
8-8-8 25.274 0.928 0.051
2-4-8 25.698 0.935 0.047

TR N A R E, 1 7 IR R, | "R
(BB A

XL 4 S 1 24T A SEIR 25 R R, Sk A
BN 2-2-2 4T F 4-4-4 BRI 3 VRN P BR o B R
THT 0. 1%.0. 8% H124. 6%, X 1t W 3 FF 48 fin 1 7
13 BT LA R s A AR A R AR S BB T, AT

TR RE, JU R AR B T i (LPIPS) I ol 3%
T

XF e 4 5 2 3ATIYSEIR A5 R on , kst Sk
D N 4-4-4 5T % 8-8-8, iU (1) PSNR 5 bR 4 F+
T 0. 4%, {H SSIM #5 5 ¥ A 224k , LPIPS 5 A5 {44 7t
T 1.9%. X FATEM 44 B Bef il R i
Sk 23 1T I PR B AR T AT PR, AR S B B B PR IR
LA AP BB X 7 12 5 o

XFHR 4 3 3 AT R SEIRZE T R, i 2-4-
8 TE A 1 L HUBC i, ALY ) PSNR |, SSIM A1 LPIPS 45
B A T 550 B 1 1Y 8-8-8 Sk B B 4 B4 TF T
1.7%.0. 8% F17. 8%, iX & T 2-4-8 {E & J1 3 4L
Ficl B (A AL BE S 72 1R )2 L TP )2 AR 2 43 S AE Pl e
T AR AZ | PR I i Sk R A AR T TR A B
2.3.3 RS RSH

h T BB R TR [R] (6 25 Rl 1 P RE 25 57
P T H 7 3 A A €% 255 ] 55 AT 1% T R €8 25 [l
FE 3 PE e bR L T i LA, IR0 FH AR [R] 4%
23 (A EAT AT AL 4 SR X L . SEER h SR AN 5 AR 7
i, Horp B 7 85 R BT 5 R 6 HE B R R R 40
) ONLE

M5 HES L AT SRR 45 ST LB 2], B ]
HSV R ZS I, 3PN EAREUE 735128 21. 601 dB.
0. 871 F10. 132; Il 7 i {ifi ] HSV 8% 25 [i] £ 7T 4
fegl Rt mT LA B, 858 5 00 UG A (0 25 T 58 B
T A7 7 J A O 2 o X Xt iy b SOt , B R HSV
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Table 5 Quantitative comparison of the model using

different color spaces

f%asla PSNR/AB 1 SSIM 1 LPIPS |
HSV 21.601 0.871 0.132
YCbCr 24.488 0.915 0.074
HVI 25.698 0.935 0.047
TE LR R IR A H B R A5 1 7 RoR (e kg, |7
FORE ARG

R 23 18] AT LUKE 8 B2 55 @R A, L7 AL 7 v
1T HSV (082 23 [A) A7 A7 A9 21 (0 AN 328 22 M1 7R (0 F- T
W, 2T SIAE 2O G @7 HE) FILR (g A
(L FNER A TTHE ) A BRI .

Ycber

2.3.4 KRBT
6 JB7R T GCDINet JUT {f F 451 2% pR I (49 71 i 5K
Yot

XF R 6 AR 1 3ATHY LIRS R o, 5 [
FH HVLIFT sRGB e AH Eb , (UK SR HV I 2k i A3 455 764
) PSNR 1 SSIM 4 #7143 51 F % 1. 6% F10. 2%, {H J2&
LPIPS 4545 3 A 724k o AAIEL 6 AU f ] HVI i 2% 1Y
ATk S 50 25 SR ] 7 ), DA R JER AT 1) B AR U
W 1) 5 {off FH 79 A 45 2 bR BSOS TR 384 5 45 SR 1 22 1]
ALK T3 5 LPIPS 3555 5 A 2810 1 25

XF R 6 HES 2 34T 1Y S a4 R WoR AT ]

{Xf# A HVI
K7 RSN G bR S ] ARAL 4 R P

Fig. 7 Ablation visualization of color models and loss functions

XF LR 5 55 1. 247 B LB 45 5 R, UK HSV
R 25 A4 R YChCr (R 25 [, AL 1) 3 A PEAR 45
B> R TE 13. 4% 5% F143. 9%, ME 7R T
YCbCr 4% 25 [i] 1) ] WAL 45 2R AT LU 3], M3 T
HSV 4% 25 [A] 3458 5 19 RS O DR B (Z0 (8 )
HEFNZR (A5 HE ) 7 T A AR KA T, R W] YChCr (A 25
[ 2% fif T HSV (0 AH 4 BE A 14 25 1) [m] 1

XT L2 555 1. 34T Y LB 45 R o, UK HSV
R 25 R 4o HVI AR 25 (], IR A5 A5 80 1) 3 A1
Mrd AR 2 R TE 18. 9% . 7. 3% F11 64. 4%, [A]IF, A
& 7 i F HVT 5% 25 8] (full model ) () 7] #04k 5256 45
ST LUE B, HVI R 25 (M) 355 J5 19 (15 12
T Ground Truth, A] LABGHE, {1 FH HVI 4825 1] A] L
ARURAR LLIE S R P 2 S a2 E B

{Xf#iH SRGB

sRGB #1 2¢ BT 15455 1Y 1 3 S35 45 20 9 F B 4. 8%,
1. 5% F117. 5% M7 H AU sRGB 61 2% i3 T A1

%6 GCDINet )ik R EBRSLIG LR

Table 6 Ablation study results of loss functions in

GCDINet

S PSNR/dB 1 SSIM 1 LPIPS |
HVI Only 25.279 0.933 0.047
sRGB Only 24512 0.921 0.057
(] el 25.698 0.935 0.047

T ML TR R A S I R 1 SRR e L
BN E ARG
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Fig. 8 The variation curve of the joint loss function with

training epochs
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