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Abstract

In order to improve the image quality and resolution of near-infrared image colorization, a com-
bination of image fusion and super-resolution reconstruction is proposed to achieve near-infrared
image colorization. Firstly, near-infrared images and RGB color images are input into an image fu-
sion network with channel attention mechanism modules to obtain fused colored images. Then,
the brightness of the image is enhanced through a brightness enhancement module, and finally,
the image resolution is improved through image super-resolution reconstruction. Through expe-
riments, the algorithm proposed in this paper was compared with other algorithms, and the re-
sults showed that the image quality and resolution of the colorization results in this paper were
higher subjectively. Objectively, based on the KAIST dataset, comparative experiments showed
that the PSNR value and SSIM value of the algorithm proposed in this paper were 20.617 and
0.882, respectively. Compared with other algorithms, the PSNR value and SSIM value increased by
137.91% and 87.66%, respectively; The PSNR value on the IVRL RGB-NIR dataset is 18.295, and
the SSIM value is 0.796, which is also improved compared to other algorithms. The algorithm
proposed in this paper can effectively improve the image quality and resolution of near-infrared
images after colorization, and has certain practical application significance.
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Figure 1. Algorithm flowchart
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Figure 2. Channel attention mechanism module
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Figure 3. Scaling residual module
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3.4.1. EF KAIST HIEER LR

BT KAIST #4210 & AT FL S it 45 0L 4% 1A SC R PSNR {HIA $) 20.617, SSIM {8y 0.882.
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Table 1. Comparative experimental results based on KAIST dataset
F* 1. ETF KAIST HiRERIXT L L4 R

Bk PSNR/dB?} SSIM/dB?1
DenseFuse 8.688 0.470
Our Method 20.617 0.882
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oI, 5 DenseFuse LA, ARSCHEIERERKIE A ARG 0 XS 5 RGB BB G Fi s &
RIFMRLE, BRI OAEGRGF RN T RGB BT M5 2., RIS Xt B i ik i 2
20 A1 B ISR A o I AT AR S B AT DA Y, ARSI R ION T B B AR R 4y B e
A, ARSCENES B R Ak UG BEAR UG S B AT 7 3 TR AT

a ITAANEIG
b DenseFuse
o Rl

d RGBEIZ

Figure 4. Partial visualization results on the KAIST dataset

4. KAIST #iB&E FRIZR D AT LER

3.4.2. £F IVRL RGB-NIR ¥ LB 447

A5 T U-net [19]. CNN-PL [20]. NIR-GNN [21]57%: 3 H3ET IVRL RGB-NIR H4f 5 1) 5256 45
R, JF5 DeepCNN [22]FIA SCHE T 8038 e k47 S 3043 2 2 W B 45 RAE T XTEE, WAk 2. ARSIk
] PSNR {E A1 SSIM {f 43514 18.295 1 0.796, A SCHLZHI PSNR {HFR 1K T DeepCNN 5246, & m T3
B 5.

Table 2. Comparative experimental results based on the IVRL RGB-NIR dataset
F* 2. £F IVRL RGB-NIR HiBERIFTLL LR LER

Hik PSNR/dB1 SSIM/dB%
U-net 16.400 0.720
DeepCNN 24.865 0.703
CNN-PL 17.060 0.730
NIR-GNN 16.270 0.514
Our Method 18.295 0.796
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Figure 5. Partial visualization results on the IVRL RGB-NIR dataset
[ 5. IVRL RGB-NIR ##E55 LHIER 2 ATALILES R
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EEUGIHZE R SR, DGIEREMEGE T, BFNTREZHEEERIMLEE,

3.4.3. jHmAsCIE

N T AR AR SCEE S B B A R T IR 4N R AL M B T B3, A0 HITE KAIST dE
T T AL, DS IO IE VR RN R SRR N DA R 4y R A rp 4
R Z M A L2

W 3 iR, F LAT RRIANATATREER T 204 BUGOR BAL R & 5%, 1R RS AR RS0 . 56 2
AT NINNIEIE R TIPS R sE 3 25 51, 525 oot BRZHAH B PSNR {E 427+ T 3.951, SSIM {E#2 7+ 1 0.061.
5 3 AT AN G 5 S IR 25 5, 52 I IR AHEE PSNR (#2717 11.937, SSIM {H#&F T
0.41. 25 4 AT RARAEME > HEa B AR PO I NG 8 sk 2 I S 25 R, 528 UG IRZHAR B PSNR 42T 1
5.744, SSIM{EFEFt T 0.161. 2 5 AT NTEME P B @ R In N AR IR Z R SE IR 45 53, 5238 4 47 R0
N4 1805% 2 A G PSNR {E & T 0.344, SSIM E#2F T 0.031. HHULAT WL, ASCEE %3 #H B
Rt | L SN P URAR AN GALR RV E

Table 3. Results of ablation experiment
3 SRR

RIMNGRTBARZERE  IMNGRGLZE 8

JETE VR ST SEPER R R T g P PSNR/dB? SSIM/dB1
8.688 0.470
N 12.639 0.531
v 20.625 0.880
R 14.432 0.631
S 14.776 0.662
N S S 20.627 0.882
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