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A Method for RAW Data to RGB Image Reconstruction Based on
Channel Synergism and Color Correction

LiuYu', Chen Yongqi', Wang Han', Liu Renhe', Wang Shaochu®
(1. School of Microelectronics, Tianjin University, Tianjin 300072, China;
2. Tianjin Institute of Surveying and Mapping Co., Ltd., Tianjin 300381, China)

Abstract: The original RAW data output by image sensors needs to be reconstructed into RGB images. Traditional
multistep image signal processing (ISP) algorithms often face challenges such as complex processes, low
flexibility, and error accumulation. Furthermore, some deep-learning-based ISP algorithms struggle to fully utilize
the mode information of RAW images and the correlation between RGB channels. To address these deficiencies, ISP-
Net—a deep learning model designed for improved RGB image reconstruction—is proposed herein. The model com-
prises a mode information restoration module, a cross-channel reconstruction module, and a tonal adjustment mod-
ule. The mode information restoration module extracts color channel data from RAW images using masks and learns
mode information through channel fusion. The cross-channel reconstruction module utilizes channel correlations to

enhance image reconstruction quality through mutual guidance between channels. Finally, the tonal adjustment mod-

iR B E: 2024-07-21; fEEIBHE: 2024-10-30.

1EEE N X 5 (1976— ), B, A, #9%, liuyu@tju.edu.cn.

B{E1E%: /W), wangshaochu20@hotmail.com.

EE&WA: K AKREEA I H (22JCZDIC00270) 5 KHTTHFF AR EIH 7¢I H (2021YJSO2B12).

Supported by the Natural Science Foundation of Tianjin, China (No. 22JCZDJC00270) , the Research and Innovation Project for Postgradu-
ates in Tianjin, China (No. 2021YJSO2B12).



© 396 - REF AR (A SRR A5 TR RR)

H58 % 4l

ule employs a tonal adjustment matrix for precise color restoration. Experiments conducted on synthetic and real data-

sets reveal that in terms of subjective evaluation, the ISP-Net model achieves good color accuracy and texture

detail, aligning closely with real images. In terms of objective metrics, particularly with noise intensities of 15, the

peak signal-to-noise ratio (PSNR) of ISP-Net exhibits optimal performance across the Kodak, McMaster, WED-
CDM, and Urban 100 datasets, with values of 32.33 dB, 32.44 dB, 32.22dB, and 31.67 dB, respectively. These
values outperform the second-best metrics within the same datasets by up to 0.24 dB. On real datasets, the PSNR
reaches 28.98 dB, which surpasses the traditional ISP algorithms, namely FlexISP, SEM, and ADMM, by at
least 17 dB. Compared to those of the deep-learning-based RAW image reconstruction algorithms such as Deepjoint
and MGCC-B, the PSNR is improved by 4.03 dB and 1.55 dB, respectively.

Keywords: image signal processing; RAW image reconstruction; mode information restoration; cross-channel

reconstruction; tonal adjustment
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Tab.1 Comparison of RAW image reconstruction results among various methods on five synthetic datasets under differ-
ent noise intensities

Kodak $(Hli%E McMaster 555 WED-CDM %442 MIT moiré 555 Urban 100 £l 4E
Jiid: o| WAF 4ty VEEAE et V(S 45Hy VA L] B et
BEL/AB | ARMUE | MEEH/AB | AHRUE | MEH/AB | ARUE | MEH/AB | AIRUE | BRH/AB | HEBUE
FlexISP**! 38.83 0.990 3 38.29 0.984 2 37.94 0.983 2 34.61 0.955 6 37.36 0.986 1
SEM™ 37.41 0.986 0 34.12 0.962 7 34.74 0.974 7 32.15 0.944 0 34.61 0.978 9
ADMMPY 31.48 0.941 9 32.37 0.9511 31.56 0.949 9 28.43 0.898 5 28.73 0.9352
Deepjoint?” 0 40.10 0.992 4 37.88 0.9829 37.93 0.985 8 35.01 09686 | 36.51 0.986 1
MGCC-B!'" 42.18 0.994 9" 39.14 0.986 4" 39.78 0.990 0" 35.59 0.958 8 38.61 0.989 9"
InCl® 42.81™ — 39.62" — — — — — 39.16 —
Guo &4 42.76" 0.989 3 39.617 09725 40.22 0.983 1 36.53" | 0.9533 39.52" | 0.986 4
ISP-Net (A7) 42817 | 09954 | 39.54 09876 | 4040 | 09906 | 36.05 0.959 6 39.39 0.990 6™
FlexISP**! 33.93 0.9530 33.35 0.945 4 33.19 0.948 7 31.65 0.934 1 33.00 0.956 1
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Fig.4 Visualization results of RAW image reconstruction of various methods on MIT moiré synthetic dataset under the

condition of noise intensity of 0
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Tab.2 RAW image reconstruction results of different

methods on the real complex lighting RAW-RGB

dataset CLRR
ik V(B H/dB LSRR

FlexISP™! 11.55 0.296 8
SEM# 11.56 0.434 1
ADMMPY 11.64 0.3148
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MGCC-B' 27.43 0.908 8
ISP-Net (A1) 28.98 0.921 4

SLIS R RT AL S R 5 B, HihRls RGB
K154 1QO0 NeoSs FAIL A7 1 UG 5 ab FRAZ
ACFRFRASEE R, BRI R Y, A SO EER 2406
W T R 2R A8 I T30 Mh vk, HoikH,
ADMMPri: 5 FlexISPP* ikt RAW HEE S5

(a) ADMMPY (b) FlexISP®!  (c¢) SEMP”

IR 3 BAHTRA ST, K BN R ] 5 i 3
HAEMTE RAW EERE RS PRI T R4
PERE. BEIRARBOF RS S RAW EHRKHIE 54521
CEEEE, BT TR ER AR R

() G AF A BH S8 0% €20 8 fh 2% R0 5 88 g =3 11 ] A8
SEMP1 )5 32 0 % 1k 52 0L+ 250 B O TG PO 4 40F 5 e
WA Gt Ty v R A SR A A R A ) G R R
R EA) L, e K AT BRTE TAE S8 1L G X 5 4=
YRR R A T A A HOE L, DTS2 T G B i
Hi k. Deepjoint™ 5 i 0 B A RL SCF R/ Fr i E it v
BT AL IS, AR ) E g
HA UL A TS AT [ 5 B s MGCC-B! T vk 7 A%
B R I R I TR ATEL, Rl AR b
SOCF P ANg s BRI, SCFE SR kA T
U . ARAS T HAD T 3%, A SO ikl R i i 1
BOBEAE S S KA P38 38 [ AR DG, IF38 2o 29
PR SCEL T SRR E . A A IR g
MG AL B, ISP-Net 57 JR B B8 5 1 &2 I v
PR SRS, ARGk T 2R LR L
2.4 HEXKK

FIRARFALTLLE R X RAW  EULE S PERERY
SO, AR SR T — RANE AL, 756, Ik
STERGERE YIS R SR K S A NGO A S > S
P AR f i, MRIRAERBL RS s I 1 A A5 B A
He | B 1A AR DL R R IR R
B Bz A AT R RE R UE. PP SEIG I AE A A e
R TN REIE, H Ay SE i B Ok ke — 3k, 4L
) PR AR T S5 R R LU BB 25 S5 FEMR S 9RO
0 myMERR4E b, 3R15 TNk 3 Prosaye Xt L

Q;I:

(/
(d) Deep_]omt 27 (¢) MGCC- B[”] (f) 2’-‘3(7‘:7{2 (g) J?ﬁL‘ RG F*‘H%?

B 5 EEXEFLRHEHIESE CLRR EEHETRULER
Fig.5 Visualization results of various methods on the real complex lighting RAW-RGB dataset CLRR
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Tab.3 Results of ablation experiments on synthetic datasets with a noise intensity of 0
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