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Abstract

A deep learning-based image enhancement model is proposed to tackle the challenge of limited
real haze image datasets and the difficulty in meeting the data demands of deep networks. The
model utilizes random masking to simulate the non-uniformity phenomenon in real haze, thereby
enhancing the authenticity of the haze image. Based on this model, a semi-supervised image de-
hazing network was constructed to further enhance the generalization of the dehazing model in
real-world scenarios by leveraging image self-supervision. Experimental results demonstrate that
the proposed model outperforms traditional image dehazing algorithms on both synthetic haze
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image datasets and real-world haze image datasets.
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Figure 1. Comparison diagram of haze distribution
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Table 1. Quantitative analysis of defogging results for SOTS and HSTS datasets
Fz 1. SOTS F HSTS HIRE X ELEREE N

SOTS-E M SOTS-=E4b HSTS
Jiik: k3
PSNR SSIM PSNR SSIM PSNR SSIM
DCP [3] S5 13.10 0.699 20.15 0.919 17.20 0.884
CAP [5] S5 19.04 0.828 22.45 0.931 21.61 0.916
CycleGAN [15] e 21.34 0.898 20.55 0.856 20.65 0.908
Refine-Net [16] g9 E 24.36 0.912 19.84 0.853 21.03 0.881
D4-Net [17] S5 E 25.42 0.932 25.83 0.956 25.15 0.948
EPDN [18] fivg=s 25.06 0.923 22.57 0.863 21.76 0.909
Semi-Net [13] e B 2341 0.929 26.00 0.968 27.44 0.969
SDA-Net [19] el 25.45 0.924 26.24 0.934 2231 0.773
Ours Pl 26.15 0.949 28.15 0.971 30.76 0.980
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Table 2. Analysis of ablation experiments
= 2. HRLSEIG ST AR

Nis Nun RH sL PSNR SSIM
J 2551 0.943
J J 24.44 0.890
J J J 26.61 0.949
J J J J 27.15 0.961

N T PG IR B E R B ERIPERE, AT FE RTTS £ HSLi % 58 K& BT e vEt,
ARG RN 2 Pros e £ DCP o, 3 TR 2 X MR Z w3 5 KOG AR AR DX Il 7 AN i 2 HLoB 0 2%
fF, XEEEEFEA—wdkik. MM S, CAP M Semi-Net f 5 CRMH 2 7 W2 5%, HAW BV G
—H IR, ARE ESISECR . T SDA-Net ANAe A 2ot I K s dids S 80 S 45 Rtk

DOI: 10.12677/csa.2024.144089 198 R HURLE 5 R


https://doi.org/10.12677/csa.2024.144089

AL &%

FLR . AR, FRA-Net RUAES S8 AT I GRS BOICTE 2 2 HUSE 5 BRI, e N T3k
Rttt BRI Z AR 22 . DA-Net fUSREAFE T, WISEIXISAE MM B A B ot At ih, X & S8R Al
THRIE T R AR MR R B 2 R AR5 2. i ARG, SSDN M HESKEEI L%
SR BAEIFHZACRE YT, PRI R M ARR T et £ 5 0758 8] 1AL B s M AR

__ Hazy Image : y DCP % y - . SDA-Net

.

: ‘ m
]

_ Semi-Net

1

. Semi-Net

DCP
LrS

Semi-Net

Figure 2. Qualitative analysis of RTTS dataset
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