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Adaptive Image Dehazing Algorithm Based on Dynamic Convolution Kernels

LIU Zhe, LIANG Yudong and LI Jiaying

School of Computer and Information Technology,Shanxi University, Taiyuan 030006, China

Abstract Existing image dehazing methods generally have problems such as incomplete dehazing and color distortion. Image de-
hazing methods based on traditional deep learning models mostly use static inference during testing, which use the same and fixed
parameters for different samples,thereby inhibiting the expressive ability of the model and decreasing the dehazing performance.
Aiming at the above problems, this paper proposes an adaptive image dehazing algorithm based on dynamic convolution kernel.
The proposed model includes three parts:encoding network, adaptive feature enhancement network and decoding network. This
paper combines dynamic convolutions,dense residual connections,and attention mechanism to complete the adaptive feature en-
hancement network,which mainly includes dynamic residual components and dynamic skip-connected feature fusion components.
The dynamic residual component is composed of a dynamic residual dense block,a convolutional layer and a dual attention mo-
dule. The dynamic residual dense block introduces dynamic convolutions into the residual dense block, and an attention-based

weight dynamic aggregator is designed at the same time, which dynamically generates adaptive convolution kernel parameters. The
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dynamic convolutions have reduced the loss of information and enhanced the expressive ability of the model. The dual attention
module combines channel attention and pixel attention to make the model pay more attention to the differences between image
channels and areas with uneven distribution of haze. The dynamic skip-connected feature fusion component learns rich contextual
information by dynamically fusing the features of different stages via skip-connections, preventing the early features of the net-
work from being forgotten when the information flows into deeper layers. Meanwhile, the feature representations are greatly en-
riched, which benefits the restorations of the details for fog-free images. Extensive experiments on synthetic datasets and real

datasets show that our method not only achieves better objective evaluation scores, but also reconstructs dehazing images with

better visual effects,surpassing the performance of compared methods.
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Fig. 1 Adaptive image dehazing model based on dynamic convolution kernel
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Fig.5 Dynamic skip-connected feature fusion component
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Table 1 Quantitative comparison of dehazing results on SOTS

indoor synthetic dataset and NH-HAZE real dataset

Method SOTS NH-HAZE Param FLOPS
PSNR/SSIM PSNR/SSIM Mb G
DCP 15.09/0.7649 10.57/0.5196 - -
AOD-Net 19.82/0.8178 15.40/0.5693 0.002 0.12
GridDehazeNet 32.16/0.9836 13.80/0.5370 0.960  21.45
KDDN 34.72/0.9845 17.39/0.5897 5.990  30.33
FFA 36.39/0.9886 19.87/0.6915 4.680 288.34
MSTN 35.37/0.9870 18.42/0.6300 18.910 -
DPRN 31.27/0.9900 - - -
AECR 37.17/0.9901 19.88/0.7173 2.610  43.07
Our 37.36/0.9899 20.14/0.7097 4.820 6.16
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Fig. 6 Qualitative comparison of different methods on SOTS synthetic dataset
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Fig. 7 Qualitative comparison of different methods on NH-HAZE real dataset
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Table 2 Experimental results of model generalization across datasets

Method PSNR SSIM
AOD-Net 8.23 0.3759
GridDehazeNet 7.42 0.3568
KDDN 9.98 0.4016
FFA 10.02 0.3017
AECR 10.11 0.4252
Our 10. 31 0.4327
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Table 3 Effects of different modules on model performance

Method PSNR SSIM
Baseline 33.73 0.9830
Baseline+ DSCFF 35.42 0.9875
Baseline+ Dy-RDB 36.68 0.9889
Ours 37. 36 0.9899
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