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[ Abstract] Image dehazing is a typical ill-posed problem.Dehazing network architectures commonly use encoder-
decoder networks consisting of encoders, decoders, and feature converters that connect the two.The quality of dehazing
images generated by existing dehazing algorithms is generally low, with problems such as incomplete local detail
dehazing, color distortion, or the introduction of noeise.Dehazing algorithms based on an encoder-decoder network do not
fully utilize small-scale features when designing feature converters, and only use the corresponding layer coding features
in the decoding stage; therefore, this paper proposes a dehazing algorithm based on high-frequency and low-frequency
feature enhancement.In the feature transformation stage, an expanded residual component is designed and formed into a
context aggregation network ,which makes full use of the low-resolution features of the large receptive field, extracts the
remote correlation of feature maps, and enhances low-frequency small-scale features. Furthermore, a multi-level feature
reuse network based on channel attention is designed to reuse shallow high-frequency features while deeply fusing
decoded and reconstructed features to enhance the recovery of visual perceptual features.In the coding stage, a Visual
Feature Perception Module (VFPM) is constructed to enhance the rich high-frequency visual features of the shallow
layer by leveraging the advantages of residual blocks in local modeling. Experimental results show that compared with
AOD-Net, PFF-Net, and other dehazing algorithms, the Peak Signal-to-Noise Ratio (PSNR) and Structural Similarity
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(SSIM) of the proposed algorithm have significant advantages. The PSNR and SSIM of the proposed algorithm are
0.77 dB and 0.000 7, and 0.40 dB and 0.037 1 higher than those of the other algorithms, respectively, on an indoor

synthetic dataset, SOTS,and outdoor real dataset, Dense-Haze.
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Table 1 Input and output feature map size of each

module of the encoder

5 e C-In C-Out Size-In Size-Out
Cl1 3 16 WxH WxH
DLI 16 32 WxH WI2xH/2
VFPM1 32 32 W/2xH/2 W/I2xH/2
DL2 32 64 W/2xH/2 W/4AxH/4
VFPM?2 64 64 Wi4AxH/4 W/4AxH/4
DL3 64 128 W/4xH/4 W/I8xH/8
VFPM3 128 128 WI8xH/8 WI8xH/8
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Table 2 Parameters of each convolution layer of the

dilated residual block

LR Kernal;r C-In C-Out
cvl 1x1;1 128 32
cv2 3%3;3 32 32
cv3 3%3;5 32 32
cv4 1x151 32 128
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Fig.3. Structure of multilevel feature reuse module
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Table 3 Multi-scale feature dimension adjustment
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Table 4 Attention feature dimension adjustment

LHZ C-In C-Out Size-In Size-Out
FU2 96 16 WI2xH/2 WxH
FC5 96 32 WI2xH/2 W/2xH/2
FD2 64 64 WI2xH/2 W/4xH/4
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Table 5 Feature map dimension of each module of

thedecoder

ik C-In C-Out Size-In Size-Out
D1 128 64 W/8xH/8 W/AxH/4
FM1 128 64 W/AxH/4 W/4AxH/4
D2 64 32 W/4xH/4 W/2xH/2
FM2 64 32 W/2xH/2 W/2xH/2
D3 32 16 W/2xH/2 WxH
FM3 32 16 WxH WxH
C2 16 3 WxH WxH
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Table 6 Experimental results on indoor synthetic

dataset
LA PSNR/dB SSIM S 4tk /10°
DCPP! 16.62 0.8179 —
DehazeNet!”! 21.24 0.847 2 0.0100
AOD-Net!'*) 19.06 0.850 4 0.001 8
GFNEY 22.30 0.880 0 —
PFF-Net*” 24.78 0.892 3 20.850 0
GCANet*? 30.23 0.980 0 0.700 0
GridDehazeNet*" 32.16 0.983 6 0.960 0
PFDN!! 32.68 0.976 0 —
MSBDN!4 33.79 0.984 0 31.350 0
KDDNP! 34.72 0.984 5 5.990 0
SCHR[32]155 31.26 0.985 6 -
A B 35.49 0.986 3 2.640 0
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Table 7 Experimental results on Dense-Haze dataset
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Fig.6 Dehazing effect of real hazy images without reference
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