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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.
While existing methods in sSRGB, HSV, and YCbCr color spaces have shown some effectiveness, they face an irreconcil-
able 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. YChCr-based methods
perform shallow luminance processing (e. g. , linear filtering) , causing imbalance between chrominance denoising and
detail preservation. Their performance is thus capped. HSV space strategies decouple the hue and saturation components

but cause color discontinuities due to polar coordinate quantization. To address these limitations, this study proposes a
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novel lightweight LLIE network. It fully leverages the channel decoupling properties of the HVI color space, reducing the
mutual interference between luminance information and color structural information during enhancement. Method We pro-
pose GCDINet, an end-to-end framework leveraging HVI color space’s physical decoupling.. The architecture comprises:
(1) A dual-branch structure processing Value-Intensity and Hue components independently via the GCFE module, which
employs 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 avoids interference from processing both in the same
feature stream and provides independent branch information for the GCFE module. A Dual-Path Adaptive Feature Calibra-
tion structure nonlinearly modulates the illumination features from the luminance branch and the chrominance vectors from
the color branch before feature reconstruction. This guides information reconstruction during decoding, suppressing color
fidelity loss and luminance artifact amplification caused by information loss. While the dual-branch structure and gated con-
volutions decouple luminance and color structure information for refined feature enhancement, uneven channel weight dis-
tribution during feature fusion can lead to the loss of key luminance and chrominance information. During training, we opti-
mize using a composite loss function that combines L1 intensity loss, SSIM loss, and edge-aware regularization. The model
is implemented in PyTorch with the Adam optimizer (B1=0. 9, B>=0.999), an initial learning rate of 1107, and a cosine
annealing decay strategy that reduces the learning rate to 1X1077. Training is conducted on an NVIDIA RTX 3090 GPU for
1000 epochs. Training images are cropped to 256x256 with a batch size of 8. For LOLv2-Real-captured, we apply random
rotation, horizontal flipping, and vertical flipping for data augmentation. Results Comprehensive evaluations on the
LOLv1, 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 LPIPS, and is only 0. 76 dB short of the best
method in PSNR. On the LOLv1-Real dataset, our approach attains the best results in PSNR and SSIM, and is only 0. 006
short of the best method in LPIPS. Experimental results on the LOLv2-Synthetic dataset demonstrate that the proposed
method achieves a Peak Signal-to-Noise Ratio (PSNR) of 25. 698 dB, a Structural Similarity Index Measure (SSIM) of
0.935, and a Learned Perceptual Image Patch Similarity (LPIPS) score of 0. 047. Compared to the state-of-the-art LLIE
method Retinexformer, these metrics show improvements of 0. 028 dB, 5.3%, and 20. 3%, respectively. Furthermore,
the computational complexity is 7. 94 GFLOPs, which is 50% lower than that of Retinexformer, achieving an effective bal-
ance between speed and performance compared to the best existing methods. Ablation studies show that using only the dual-
path adaptive feature calibration structure improves PSNR, SSIM, and LPIPS by 1. 9%, 0. 2%, and 9. 4%, respectively.
When integrated with the GCM module, these improvements increase to 2. 8%, 0.64%, and 11.3%. Using HVI color
space decomposition enhances PSNR by 18.9% over the HSV baseline, SSIM by 6.4%, and perceptual quality by
64.3%. Compared to YCbCr, the three evaluation metrics improve by 4. 9%, 2. 1%, and 36. 4%, respectively. Using
only HVI loss lacks pixel-space consistency constraints, causing larger pixel errors and reducing performance across all
three metrics, especially PSNR. In contrast, using only sRGB 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 perspec-
tive, the pixel-level errors and color distribution of using only HVI/sRGB loss functions are not intuitively observable. Con-
clusion The proposed LLIE method in this paper 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 enhance-
ment. 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.
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Fig. 1 Performance comparison between the proposed GCDI-

Net and existing methods on the LLIE task.
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Fig.2  Network architecture diagram (a) illustrates the overall framework of the proposed method, which comprises three main compo-
nents: 1) an image transformation module based on the HVI color space, 2) a Gated Convolutional Feature Enhancement (GCFE)
module, and 3) a dual-path adaptive feature calibration architecture incorporating the CPFC module. (b) presents the structure of the
GCFE module, primarily composed of the Multi-Head Self-Attention (MHSA ) and Gated Convolution Module (GCM). The green arrow

represents the brightness branch, and the pink arrow represents the color structure branch.
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Fo) = A YEFE AR . SSIM (B 43T 1, Fon IR
B SR AR PR s . A5 A
Ly=1=SSIM(I i)
2/.1““%, + ¢, ) o (
Mt t e
Ao, w, Bl A WIRER A EIE , o, Fl o R I 5
7250 ¢, Fley S/ INI 2, B 1k B R
LR A0 H B 7R T 515 W 45 A0 2 i 4]
G5 BE OGS LG BE A [T, £ B MR i 2 450 15 B

20, +
SSIM (x,y) = Toy ™ C2

YM)

2 2
o, to, tc,

ARSI N PR 5 S IR A 30 G s ) L ) 4
XF2E, B 135 R G B et . BT

(15)

P, GO TR IAGAT N T

LR, B R4 T SR AR 25 (7] v 2
PR BIARMLE o 12230 S A BN R ) TR S AR I 4%
VRN RAE B HORS | LA R PR A T BB R A 25 1] v
MRINZES . 51 PR SR AETE LN S 4
gk b5 B ER R — 2L BRI

1 2
|

st FR BN IR 4 150 A H B2 b
AR T L, H, W53 501 b2 JE 5 L K 2 A
B

{0 P 2 D9 2 R RCPE S Bk BB,
TE L AR ] S92 R B SRS S
FURLSE 11 SR DI RE

(16)

B3 2-1: GCDINet FILHARE

WAL, L L A OEIREG 1O IR E IR S
1) V1AL B -
HERIN g 8 GEAR ALY 1000, SR FH AT XD k2 2] R
RS R e A le—4.
2) JEFA VN LR B
3)fori=1to 1000 do

4)  #HT T A RE TR T
5)  Lpuneed = GCDINet(I,,,)

6) #HEHAX(DITERK
) TopaneeahVi=HVT( )

8) 1. hvi=HVT(I )

O

)

)

)

)

)

)

) L=, et Lo L peca VAT _hvE)
0) #SInAEHRETTE P25 SH0B8
1) L=backward(L)

2) #R M Adam B HH RIS EL
3

13)  Adam(model.paramsters())

14) R AR TR KR MG PR FE 2 5] 3R
15) If i<=250 lr A3 5% 34111 %5 0.0002
16) Else if i=251 lr 75 & >4 0.0001

17) Else Ir 4x5%98/0> 2 0.0000001
18) End for

Y : Model_GCDINet

2 SCIGZERIMITE

2.1 HEEMZE
K H LOLvl (Chen % , 2018) . LOLv2-Real-
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N 8, 1M1 J& % GCDINet Y125 1000 ¥ 1C . Xf F LOLv2-
Real-captured , #8311 2k MG A T AL IE % 7K - B0
PR o R0 T B B i . OO BCE T 8,31
5 GCDINet1000 KX

SCEREE , fdFH PyTorch 3288 GCDINet,, fii

Captured il LOLv2-Synthetic( Yang % ,2021)3X 3~/
JF B R LLIE SRR 48 dE A7 P4l . LOL 2
A LOLv1 FILOLV2 PIAS A . 5 REAL & FL A
N A BSOS 9 LOLvL AH G, LOL-v2 43 5 F
LEME RN FHE ., X5 LOLvl #1 LOLv2-Synthetic , ¥
IR BB AR5 1L 256%256 1 K/, #HE AL 3K /i B

%1 TELOLvVIFLOLv2##E& EPSNR T ,SSIM T F1LPIPS | EEH R, FLOPs 7584 256x256 B & L 1TIliK
Tablel Quantitative comparisons of PSNR T, SSIM T and LPIPS | metrics on LOLv1 and LOLv2 datasets. FLOPs are

evaluated on a single 256x256 image.

Complexity LOLv1 LOLv2-Real LOLv2-Synthetic
Methods Color Model Params/M PSNR T SSIM 1 PSNR T SSIM 1 PSNR T SSIM 1
FLOPs/G LPIPS | LPIPS | LPIPS |
RetinexNet Retinex 0.84 584.47 16.774 0.419 0.742 16.097 0.410 0.543 22794 0.840 0.171
KinD Retinex 8.02 3499  20.860 0.802 0.160 17.54 0.669 0.375 18.320 0.796 0.252
ZeroDCE RGB 0.075 4.83  14.861 0.559 0222 16.059 0.580 0.313 17.712 0.815 0.169
DRBN Retinex 547 4861 16290 0.617 0.16 20290 0.831 / 23220 0927 /
RUAS Retinex 0.003 0.83 16405 0.500 / 15.326 0.4880.310 13.765 0.638 0.305
LLFlow RGB 1742 3584  21.149 0.854 0.119 17.433 0.831 0.176 24.807 0.919 0.067
EnlightenGAN RGB 114.35 61.01 17.480 0.651 0.153 18230 0.617 0.309 16.570 0.734 0.220
SNR-Aware SNR+RGB 401 2635 24.610 0.842 / 21.480 0.849 0.163 24.140 0.928 0.056
Bread Ycber 202 1985 2296 0.838 / 20.830 0.847 0.174 17.630 0.919 0.091
PairLIE Retinex 033  20.81  19.510 0.736 0.248 19.885 0.778 0.317 19.074 0.794 0.230
LLFormer RGB 2455 2252 23.649 0.816 0.169 20.056 0.792 0.211 24.038 0.909 0.066
Retinexformer Retinex 1.53 1585  25.153 0.8460.131  22.7940.840 0.171 25.670 0.930 0.059
GSAD RGB 17.36  442.02 22770 0.852 0.102 20.153 0.8460.113 24.472 0.929 0.051
QuadPrior Kubelka-Munk ~ 1252.75 1103.20 2031 0.808 0.202  20.592 0.811 0.202 16.108 0.758 0.114
CIDNet-wP HVI 1.88  7.57 23.809 0.857 0.101 23.690 0.861 0.135 25.049 0.935 0.048
GCDI(Ours) HVI 2.05 7.94 24.387 0.858 0.096  23.891 0.8660.119  25.698 0.935 0.047

T LA A SR AR /" BN 2T AR EUE B4R

B~ NVIDIA RTX 3090 GPU, % F Adam
(Kingma 5§ ,2021) L {45 (B,=0. 9 F1 8,=0. 999) X 5

ity, LPIPS) (Richard % , 2018) i T ¥ 1 &1 1% /& A1

JiHE

RUBEAT N G o B WIhR 7 > FUCE N 1310, SRS 1E
YN 2 3k e v 48 4% 5258 K SR (Diederik 5%
2017) 2 o) RAEATIEE (AL FERE] 1x107,
PR AR SR TR PTA b i A (A5 1 L
(Peak Signal-to-Noise Ratio, PSNR) , %% #4 A {1 J&
(Structural Similarity, SSIM) (Wang 45 , 2004 ) 1E R 2k
FLAEBR o O T AT DA K S RIAR A SRR BT i L A
DL AlexNet (Alex &5 ,2012) NS, fdi FH 5 > B K]
1% B AB 1L B (Learned Perceptual Image Patch Similar-

2.2 SLI§

KB AIE GCDINet 7 i 0 &M S5 00 i, AR
Wi TE AR AL 5 Rk T e B S
PEHCER , DL BB 3 5 5 w43 BT 8 A T T R 5
¥ . o, it 7E LOLy 1 LOLv2 %5 224 ik i B i 42
5 R R AT FOULEE AR S A 1 42 T X
e, BAELR A PP U R A GG 5 T it AT PR R S
R AR EL 5 T B 25 A TERE , IR A B AR m ik
LT T S A R BB 5 AN, £ X LOLv2-
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E, B, ERE, £XF, EHB, S0
R R EBRAI NS TR IEE R 5 B M 4

Retformer CIDNet GroundTruth

GCDI(Ours)

K4 nlRALSE R Hor G55 ETT 7R (05 HE B R SRy A iR 18

Fig. 4 Visualization comparison of enhancement results Specifically, the color block diagrams located at the bottom of the result graph

denote the magnified local detail maps.

Real 204 45 U1 25 vt 80 00 06 B S Im) R, B i 1)
TR ARG TR RN S BT IS R R SRR R T Ak P 2
R AN ZAe o P, O e 20 o S A e & LAFR T
BRI AR 237 50 T Bz 4bRe 1 58k
2.2.1 FEILELER

1A LA, 78 LOLv B 4E |, firdi o7
7 SSIM 1 LPIPS $8 b I BUAS fe (R A , 78 PSNR 45
b b AN B S A J7 5 AH 2% 0. 766dB il 0. 2dB.  7E
LOLv2-Real 5034 |, FIr# 75 B 7 PSNR F1 SSIM P
AFE bR WS R R, 76 LPIPS 45 b5 I H e it 7
A 22 0. 004, 7 LOLv2-Synthetic %04 4 b, i $2
T A fe bR E R B R . 3 Ah, BT ik A
PSNR, SSIM, LPIPS & 4% /5 THIfL T 2% T RGB A i £
7515 GSAD, 1 HALAN FH GSAD 28 1 10%., 5%
F Retinex 1) SOTA J7 ¥ Retinexformer A k. , GCDINet
1635 — 14 PSNR 48 #5 ' % A I T Retinexformer,
XTI R PR R 5 1) 2 HLAT 22 5%, Retinex-
former 1) Z 40 K A I8 R o XRP R A Y
A HEAEREIGEETT , BRI, REAE TS 241 b
KGR K, NI LE PSNR X A% K 9005 15
br FRRORE L, 1 GCDINet B3 H AR 2 — 2k
8 5 8CR A 4 , GCDINet 193154 52 2% ¥ AU N Ret-
inexformer Y 50% . 31X Pl RCR B K, 23 PR il A= Y
A5 fE 1, 5 B R 7 PSNR $5 b5 A3 — & 1)
G

AL B 25 R AN 4 BT R B T AR5
JEPRRE Jry 8 €0 0w AN 45 #4175 8. 2% < 5 [R)/8, 78 GCDI-
Net [ 2 BRZE JE P AR 2 T 20 061 . 38 T 2 1)

GCFE BLH 4y 5 ik 4b 38 B, 55 B, , NI L4553 S0 &
TET4 H WAL e LLIE B R R RS
CREHE SRS ARISE ENE A @I, h
TR B B IE R E AL HELS R 5 A AL
e T R R A R R R R MR .
S AETH RS R R B UE T GCFE ALH IR

&2 FELOLv2-Real #{iE&E L HIA B S 0

Table 2 Analysis of Preprocessing Parameters on the
LOLv2-Real Dataset

BERE /TR P PSNR 1 SSIM 1 LPIPS |
0.15 23.205 0.850 0.138
0.20 23311 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 O A 2 5 e U fE

A2 T A PR TS A ) S B A
2.2.2 HdEsEsm s oA

AT K DA LOLv2-Real B4 42 76 U 255 7
Hr ] AR S T e o i oA o b A B 1%
B 2R AL R DG IR AR Y BEX B (HL 37 5[]
Pt e, S Bk A B (508 45 18] 23 A 5 B e
— k.

XA TOR IR A 5 5 RSB g P i
BT [i) A ], 2 S U Spoted A b R M T
Oy R ) A B R T AL L] AR 46 ) 3 )
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PR R ms . Bk UL, AEBRI 2R 2 T, e e —
FE BIAME R P XE B I AT oK S/ BB A 5 R HL
il

THE % 11 T B A

I A B B 5 S, A R R T LOLv2-
Real 5N ik B2 v 6 FE SR IR R o T

F 385 1V 18 i SR I B e A 280, X LOLv2-Real 5%
P 4E L WAL B S BGHEAT . R 2 R, Y e
SR IR AR P Ry 0. 3 B, BEALTE DA AR T A e
F8H5 : PSNR iA % 23. 891dB, Lk {5 e 471 0. 2dB,
SSIM 2 F % 0. 8661 , 1] i LPIPS 645 N 0. 016, %
AP 1588 i 1) PG 45 R AR R R e Joi o T 34
A, (HAREENE, Y PRT 0. 35 B 4546 R
OB W Bh (SSIM R [ 0. 45%, LPIPS | JF
0.0016) , 3% 7] REVR T3 JE 19 43 [R] A e e 3R T (OB IR
DX 3k Fr MR P A R, S OB AR 2 ) B g A
2.3 HB#HR

R B UEA SCTE GCDINet H1 440 2114
BT B 5 A %M AR T = A2 R ITE
SIS o T, E A A O B SE IS R ST AG T
MHSA e | GCM FE R DL AU AR 1 38 07 R AIE 4 v
SE R XA R BRI 0 Sy S KA DUk, B AR i S
PR AR R A BEHRAG D f 5 FLUR 38 o (AR A5 )% Lh S
5, B AES T HVI 808 25 M A4 T 4% 48 HSV . YCbCr
23 AR R 2 B 5 B RA5 B I D s O 1 1 B
et e B VR R AT 5200, B AR IERC &
i HVIZS (8] 5 sRGB 25 [ 45 2% sR B 2 B, I-4
AN ZRgi e i 2 i AR A e B AR e . TR
RS SSORIRR € B MERE , 5256 #B 2 7E LOLv2-Synthetic
BEE LT
2.301  BEHUH RS oA

fiff FH 2 46 R (36 3) A nT MRk &5 2R () 5) 60
g

GCDNet H1 Y CHERI R . 33 JB/R T T4 ik
F R AT S IR A A o 5 L AT ROR ARl
& 1 AL R R R 1 58 AR ) UNet. B MHSA
B

T JE il UNet [ 45, = 4> 45 b5 43 0l $2 7
62. 2% .27. 2% Fl1 74. 3% , 3 1t B 14 2 F7 WL 76 343
S X 4% LA AR R RV T o A B S R
MHSA 5 iy m] #1425 5 7T LU $1) , MHSA 23
b ST KRR O R AR US4y SO

XL 3 oA 1 3T SR 45 2R i, 7E MHSA

R B FE R GOM AR B 2H B GCFE #8k
SRR R TE T 65.3%.27. 5% H176. 8%, M
5 A i GCFE B i w40 Ak 45 5 7T LUFG 3] MHSA
5 GOM BN 456 8 AR 52 40 A i I fi e
RUDR it 1 50 B2 R SR (1) 5 B PR 52 PR (R FLBE A
JEA)EE, 3G UE T Iris T GCFE B i A8 350k o

XPEHGFE 355 2 AATHY SEER 45 R R, 7E MHSA #5
B Feaih b R ORURS AR A 3 B R AR A S, — A
FEFRASABAR /N, (H NI S rp (i FH XU AR 3 7 4 AIE
KNELEA I AT AR ZE SRR |, R B (R 450 (5

SV A AL B @ 4% T GroundTruth,
SAVPAG RS AR BAT B S B T B4R 1 355 I AR
W HELE A6 5 MHSA A - A AR A7 ()38 FL AR, vl
PRALZE FEBGUE T I $2 DU A2 11 35 I R IE A 25 4 11
EER

=3 GCDINet)F EEPERILIGLE R

Table3 Ablation Study Results of Main Modules in GCDI-
Net

UNe.t MHSA GCM A PSNR  SSIM  LPIPS
Baseline 1 1 !

N 15399 0730  0.207
N N 24979 0929  0.053
N N N 25456  0.931  0.048
N N V25176 0928  0.053
N N VooV 25698 0935 0.047
MR RN N .« A7 R WA B 38 R A
5K

P

XFEEFE 3 TS 1 S AT SE 25 S o, Rl i
XU AR 3 D AR fE A E 25 F Fl GCFE AR, 545
P e {3445 B e AR P R, =N8R4 4R T
66.8%.28. 1%.77. 3%, K5 R, SFRA{UAE S
JEE 43 A5 (20485 ) R R A (i €65 A ) Jr TR A3
B, A SE 3 B B T G gr B (B (e s HE ) ANy
SO B R HE) . T A ]
ARG 485 B0 UE T BT 4 7 3k i A R
2.3.2  MHSA B R T LB

AR IR AT BIE MHSA A5 g 73 47 3k
B BB M RR (W 52 ), AR SCHEAT T R ) Sk B
X HE 20
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E, B, ERE, £XF, EHB, S0
R R EBRAI NS TR IEE R 5 B M 4

X AT 1 24T IR A R R f Sk B

Bic B 2-2-2 2 T} 3 4-4-4, BRI = A PEA 18
B2 BRI T 0. 1%.0. 8% 1 24. 6%, X it B 1 i
B 7 S BORT LA A A5 e A TR 1 AR O A P e
J3, I G 2 AR P e, R 7R B BT (LPIPS)
EEGE .

XF R 4TS 2 3T SR AR R Ak S0k Sk
B2 N 4-4-4 42 T % 8-8-8, M I 14 PSNR F5 b5 42 T}
T0. 4%, {H SSIM 5 #7545 22 1k , LPIPS F8 bR {42 Tt
T 1.9%. X R WTE 4545 B B3l FH R i )
S s I PR RE AR THA B, SRR SR I I B IR
RIS 1 BE X R 2 15

XF e 4 5 3 44T RY SRR AE R R, ff ] 2-4-
8 Ty Sk BUle &, BB Y PSNR . SSIM Al LPIPS 45
T AF 88 T 550 B - 14 8-8-8 Sk B iE B 4> 4 T+ T
1.7%.0. 8% Fl1 7. 8%, X /&M T 2-4-8 1 & J1 L %L
e F (e RS TR BB A A R SR RN 2 3 ) P e

T8 RS2 BT DRI A2 Sk B A SR T TR RE
2.3.3 AR EST

J T RS FAS [R] €87 25 (] (1) P E 25 5+
T B 7 Al ] B €8 25 8] 5 A T A PR e (2 25 )

F4 MHSAERE IHEXLLLHER
Table4 Comparative Experimental Results of Multi—
Head Numbers for MHSA Module

LPIPS

2-2-2 4-4-4 8-8-8 2-4-8 PSNRT SSIM 1T |
N 25.137  0.921  0.069
N 25.161  0.928  0.052

J 25274 0928  0.051

v 25698 0935 0.047

I R N B SR . “2-2-27, “4-4-47 , “8-8-8" Tl
“D—4-8" 73 e 7R = YR AT MHSA BB (73 2 758k 8

=)

Ho

Input UNet Baseline MHSA

“ N FIR RS F O DRSS o

GCTE

FulL Modle GroundTruth

MHSA+A

KI5 BLHE R AT AL S R IE Horh S5 E T 5 (05 HE B R SRy B AR 1 R &

Fig. 5 Visual ablation study of core modules Specifically, the color block diagrams located at the bottom of the result graph denote the

magnified local detail maps.

TEZAVEN e b L JEA T B 1 LA, DA Kl )
AN 22 18] (4 AT A4 285 5%

TGS TR AT SE 25 SR n] LU B ARl

FHHSV (8823 [a]inF , =S PRANF8bn B 5 53 50k
21.6dB 0. 87 Fil 1. 32; A&l 6 H1 i FH HSV {88 %5 [A]
AT RRAE 25 SR A mT LU 2, 3958 5 0 G e 6 22 Fl

S JETT HATAE P E A I 22 o XX R b SOk,
SR HSV (R 2 (] a] LUKE 58 -5 (R MR, (EL7E A
i P T HSV @R 23 )4 A Y 21 0 A 1 45 MLk
@R, 2SI T HEZ R D (B @) Al
AT (L MERETTHE) Y BRIE o

XFEHER 5 A 1 247 RSB S R o , AU HSV
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Fig. 6 Ablation visualization of color models and loss functions Specifically, the color block diagrams located at the bottom of the

result graph denote the magnified local detail maps.

R 23 [al4 S Y ChCr (8 25 (], BEAL ) =S PFA 48
FRo AR T T 13. 3% 5% Fi143. 9% W& 6 Hifdi
T YChCr ta %25 [0 i A WAL 25 S mT DL 31, A
HSV 8% 25 [ 45 )5 1) MR e O R L (206807
HEFISR I HE) Ty A TR KIS xR0,
YChCr 8% 25 [0 2 fift 1 HSV €040 2k B A % 22
4 [r]
*5 HAFERRREESENERLE

Table 5 Quantitative Comparison of the Model Using Dif-

ferent Color Spaces

HSV YChCr HVI ~ PSNRT SSIMT  LPIPS |
N 21.601 0871 0.132
N 24488 0915  0.074

N 25698 0935  0.047

TE UL 2 5 e (L

Eﬁo

XFHR 5 a1 3ATHYSESR 45 R o, 0K HSV
R 23 [ R4y HVI A 25 [, BR AR AR i) = AN 9F
WrA8 bR o> SR TE T 18. 9%.7. 3% 1 64. 3%, [},
M6 {8 HVI 825 [A1(Full Model ) 4 7] #1452 56
S5V LAE ), HVI @ 25 [ 3558 )5 1) B (5
J4% 38 GroundTruth,  AJ D5 GiEfiff F HVI 882 %5 [i]
AT LA S LLIE SRR 52 B S5 A5 B

2.3.4 UK eREUTHT

F 6 /7R T GCDINet JIr i FHA0 2% R R 3H Rl 5

Lt

XFHE 1347 1 S50 45 R SR, 5 Rl HVI
1 sRGB $iit 2 AH L, UK 5 HVI 451 2K JIr 45 85 2 (1)
PSNR F1 SSIM 48 45 43 51 F K 1. 6% 1 0. 2%, {H j&
LPIPS #5845 I e A 224k o ATl 5 AU T HVI 5 &
AT R 2 56 48 SR T L 31, AR B Y
AR XE 25 381 5 {1 FH 1405 2 iR 305 8 38 i 2 SR 2
), AR T 2% 5 LPIPS 48 bR A A8 Ak iy 45 21

XL 6 R 2 3 S ER A A R AUl

sRGB i 2 BT 4545 B0 g = AN F5 4R 20 5l B RE T
4.8%,1.5% M 17. 5%, M5 H{UH H sRGB 12k
() TTAAL 52 56 25 Bk B, B FH sRGB 451 2K bR 5K
MG 2R G 2 R 40 AT Ok A UEE 3
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SN MBS0 I BR B E I Zrad B2 Hb (1A RO E R Ra
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R, s 7 s o I6A 2k eR B0 (B RE 4 154X
UOB R I R B B P N R B (E

MR 1. 0 TG N FE , I 7E 29 400 1% AR 1
Jei AT PR b, e 245 e BB EE 0. 2 BT
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2] IF H TR A BG40 2% sR B BT AL Ak £ 1L
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Table6 Ablation Study Results of Loss Functions in

GCDINet
HVIOnly sRGBOnly ~ PSNRT SSIMT LPIPS !
N 25279 0933  0.047
N 24512 0921  0.057

N N 25698 0935  0.047
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Fig. X The variation curve of the joint loss function with training
epochs
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