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a haze-free image from contaminated image. The feature
extraction module enables network to extract the features at
various levels. The network provides additional flexibility in dealing
with different types of information and focuses more on important
information using mixed convolution attention mechanism. To
improve the dehazing performance, multi-level features are fused
and further refined using feature fusion block. The good kernel
estimation can recover a sharp image. Moreover, DFF-Net has
ability to capture sharp textural and semantic information, and
recover high-quality haze-free image. Furthermore, semantic
differences in deep features are measured by deep semantic loss.
The experimental findings demonstrate that our suggested
method exhibits superior performance compared to other haze-
removal methods on both synthetic and real-world images.

Keywords: Convolution layer, Mixed convolution attention, Channel attention, Feature fusion, Feature

extraction, Semantic loss.
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INTRODUCTION

Haze is an unanticipated environmental consequence induced by the absorption of
light and tiny particles in the atmosphere, which affects the quality of image [1]. The
quality of image degrades dramatically due to poor clarity, low contrast, color
distortion, and blurring. Image dehazing has gained consideration in the field of
computer vision during last twenty years. Numerous methods have been developed
to restore a dehazed image from a degraded one. Image degradation is often
modeled using an atmospheric scattering model [2].

Ih(p) = J(@)Tm(p) + A(p)(1 = Tn(p))

(1)
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Where Ih denotes the actual hazy image, p denotes the pixel position, J denotes the
scene radiant image, A denotes the global atmospheric light, and Tm denotes the
tfransmission map. Image dehazing is a complicated issue owing to unidentified
transmission map and atmospheric light for each pixel. To tackle this issue, He et al. [3]
suggested the dark channel prior to approximate the unidentified parameters, using
a soft matting interpolation method and haze imaging model. Tan et al. [4] proposed
a high local contfrast method, which could not accurately portray the features of real-
world images. In contrast to the conventional methods, the methods based on deep
learning are accomplished exceptional advancements in image segmentation,
classification, and fusion [5-10]. The impressive dehazing performance is shown by
these methods. In this paper, the attention-based deep feature fusion network (DFF-
Net) is developed for recovering haze-free image in view of the following aspects.
The recovery of dehazed image is essential for image dehazing. It is difficult to
preserve shallow feature information at deep neural network. The haze degrades
many non-haze details which reduces the visual quality of final dehazed image.
Moreover, many convolution neural networks will not be able to cover all channels
and pixels when different channel features are treated equally. To solve this problem,
an appropriate method is needed for recovering dehazed image with significant
details to better visualize the pleasing results.

The three key contributions of this study are stated below:

o We have developed end-to-end attention-based deep learning method
named deep feature fusion network (DFF-Net). The mixed convolution atftention is
integrated with channel attention which enables network to focus more on the
important features at various resolution levels.

. DFF-Net has ability to fuse and further refine feature maps in full connection
manner using feature fusion method. The feature fusion block accepts all feature
maps of various levels and improves internal features representation. These feature
maps contain both the image details and semantic information which are in favor of
restoration of clear image.

o Deep semantic loss is employed for measuring the semantic differences
between ground truth image and haze-removed outcomes obtained from deep
features.

RELATED WORK

Initially, image dehazing required a large number of images depicting the same
scene under various conditions. It is more difficult to remove haze from images when
there is no additional information available [11]. Several methods are suggested for
image dehazing, relying on the development of physical scattering model Eq. (1) [12].
These methods fall under the categories of prior-based image dehazing methods,
and deep learning-based image dehazing methods.

PRIOR-BASED IMAGE DEHAZING METHODS

Prior-based methods of image dehazing utilize image properties to analyze
unidentified parameters of atmospheric scattering model. He et al. [3] suggested the
dark channel prior to analyze images and transmission maps influenced by haze. The
underlying assumption in the regions lacking haze will exhibit reduced intensity levels
in one or more color channel. This method was efficient forimages with relatively dark
haze and entailed significant computational power. An efficient regularization
algorithm for recovering dehazed images was suggested by Meng et al. [13]. This
method analyzed the underlying edge constraints. Berman et al. [14] developed a
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prior-based method which asserted that the pixels are non-local in a particular
cluster and each cluster in the haze-free image can be represented by a line in RGB
space. The haze lines proved useful in reconstructing the haze-free image. The color
aftenuation prior method was developed by Zhu et al. [15]. It involved calculating the
transmittance, restoring the radiance of scene through a linear model, and creating
a link between the spatial information of the hazy image and its properties.

Deep learning-based image dehazing methods

The problem of single image dehazing has been addressed using deep learning
algorithms in recent times. Ren et al. [16] suggested deep neural network. It removed
haze from a single image at different scales. The network assigned weights between
hazy image and its transmission map. The coarse-scale net was liable for computing
fransmission map based on entire image, while the fine-scale network further
improved it. Cai et al. [17] suggested DehazeNet. It approximated the transmission
medium to reconstruct a dehazed image. This network took the hazy image and its
tfransmission map using atmospheric scattering model. However, a significant
drawback with the above approaches is the dependence on precise atmospheric
light and transmission map for the better quality reconstruction output. In case, where
predicted transmission map is erroneous, guided image filtering is necessary to filter
the transmission map [18]. Li et al. [19] proposed AOD-Net, which produced a haze-
free image directly using CNN. This approach employed a variable K to merge the
atmospheric light and transmission map into a single equation. Consequently, AOD-
Net was limited by the inadequacy of its physical model. Ren et al. [20] proposed a
gated fusion network that generated haze-free image by extracting relevant features
from three derived inputs. However, the complete network is infricate and requires a
significant amount of fime to execute. Furthermore, the model is not capable of
processing images that have an excessive amount of haze and distortion. Chen et al.
[21] infroduced GCA-Net, which leveraged enhanced dilated convolution and a
gated fusion sub-network to differentiate between a foggy and clear image. This
approach reduced gridding artifacts and could not be suitable for generating
extremely accurate information. In contrast, Xiao et al. [22] infroduced GMAN. This
approach utilized bottleneck residual blocks in network for producing excellent results
using commonly available dehazing datasets. Liu et al. [23] developed
GridDehazeNet. It utilized attention-based multi-scale evaluation for removing haze.
This approach improved haze reduction and distortion control. Qin et al. [24]
proposed an aftention network which enhanced the visual quality and color fidelity
of images by fusing features and employing local and global residual learning. S.
Memon et al. [25] presented AMSFF-Net that employed an encoder-decoder
structure of network for reducing artifacts and producing brightness variance with less
color distortion.

Deep Feature Fusion Network (DFF-Net)

The DFF-Net is shown in Fig. 1. Firstly, a hazy image is processed by shallow feature
extraction part for feature extraction and then fed into three group structures with skip
connections. In each group structure, the features are focused using the feature
extraction module, channel attention and mixed convolution attention block. It
obtains features at various levels and deals with different types of information allowing
network to concentrate on important features. The fusion method is performed
among features of different resolution levels using feature fusion block. Then, fused
features are forwarded to reconstruction part to recover the haze-free images.
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Figurel.
The structure of deep feature fusion network (DFF-Net)

Group Structure (GS)

The three-group structure includes the feature extraction module, channel attention,
mixed convolution attention, local and global residual learning, and skip connections.
It improves the efficacy of the network. The local residual learning enables the network
to bypass less significant information through numerous local residual connections
while the network concentrates on the useful information. Finally, the haze-free image
is recovered using the global residual learning module. Fig.2 depicts the group
structure (GS).

D
1/

Figure 2.

Group structure (GS)

Feature Exiraction Module (FEM)

Typically, using features extracted from individual layer are insufficient. The features
from initial layers primarily emphasize basic details like edge and shape, which is
important for object positioning and image structure recovery. Meanwhile, the
features from later layers contain more meaningful semantic information, which assists
in retaining textural and color information effectively. Fig. 3 depicts the structure of
feature extraction module, which includes convolution layers and RelLU activation
functions. The first layer employs a 3x3 convolution with a stride of 2. This reduces the
resolution of feature map by half and double the width. While the sequence of 3x3
convolution layer, RelLU, and 3x3 convolution layer is employed to compute the
output features respectively.
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The structure of the feature extraction module

Channel Attention (CA)

The channel attention mechanism concentrates on various features of the image and
boosts the different channels for different features. The formation of channel attention
is illustrated in Fig. 4. The shape of feature maps transforms from CxHxW to CxIx],
where C, H, and W represents the channel, height, and width. The feature maps are
then passed through two convolution layers, ReLU, and sigmoid activation function to
achieve different channel weights. The element-wise product combines the channel
attention map with the input feature map Fi to construct the output feature map
needed for mixed convolution attention mechanism. Eq. (2) represents the channel
attention mechanism.

F. =F; @ (6(Conv(&(Conv(AvgPool(F))))))) (2)
Here, AvgPool(.) represents the average pooling layer, Conv represents the
convolution layer, § represents the RelU layer, o represents the sigmoid function, Fi
represents the input to the channel attention, ® represents the element-wise product,
and Fc represents the channel attention output.

- Convolution Layer

Average

Figure 4.

The formation of channel attention

Mixed Convolution Aftention (MCA)

The distribution of haze is irregular among distinct pixels in an image. The mixed
convolution attention block is utilized to put more emphasis on important features.
Moreover, many haze-removal aftention methods ignore the kernel size used in
distinct convolution layers. For each channel, employing kernel sizes individually and
ignoring their impact within a single layer is the concept behind depthwise
convolution [26]. The shape of mixed depth-wise convolution layer (MDCL) is
illustrated in Fig. 5. The results of the channel attention mechanism are analyzed here
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using mixed convolution attention block that comprises of mixed depthwise
convolution layer, ReLU activation function, pointwise convolution layer, and sigmoid
activation function as shown in Fig. 6. The kernel size of IxI for the pointwise
convolution layer is employed efficiently to use the information of input features in the
same spatial region. This generates a feature map with reduced number of channels
from C to 1. Consequently, each pixel in the region receives different attention from
network. Eqg. (3) represents the mixed convolution attention mechanism.

By = F. @ (a(Convy, (8(Convy (F;))))) (3)
Here, Convm represents mixed depthwise convolution layer, & represents RelU
activation function, Convp represents pointwise convolution layer, ¢ represents
sigmoid activation function, ® represents element-wise product, Fc represents the
output of channel attention, and Fn represents the output of mixed convolution
attention.

Figure 5.

Figure 6.
The formation of mixed convolution attention block
Feature Fusion

The feature maps produced at various levels donot have equal importance. The
feature fusion method is employed to fuse feature maps using feature fusion block
(FFB). The three steps such as rescaling, integrating and refining play crucial role in
feature fusion process. The inputs Zi, Z2, and Z3 represent the feature maps at three
levels and rescaled them to intermediate resolution that is the resolution of Z2. Let by,
b2, and bs show the relative significance of the feature maps of three levels. The
infegrated features Z» are expressed in Eq. (4). Since the feature maps contain both
the image details and semantic information of an image, which clearly supports the
enhancement of images without haze. However, to improve the feature
representation for the dehazing purpose, the feature maps are further refined
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applying 3x3 convolution layer on the fused features, resulting in the refined features
mMaps.

Zn = ?=1 b]Z] (4)
Loss Function

The three loss functions are utilized to calculate stafistical difference between
recovered images and their equivalent ground fruth images. These loss functions are
explained below.

Smooth L1

By default, we use smooth L1 loss which is less receptive to outliers than L2 loss and
maintain accuracy at low frequencies. It helps to prevent the problem of gradient
explosion. Eq. (5) and Eqg. (6) provide a description of the loss function.

Lgmo = ﬁw(ﬂ - I); (5)
_ (0.5e2, if le] <1,
vle) = {Iel - 0.5, otherwise. (6)

The recovered image is represented by I', and the equivalent ground truth image is
represented by I. Channel is represented by C, height is represented by H, and width
is represented by W, respectively. Additionally, if the absolute error |e| is less than 1,
the gradient value will be 1.

Perceptual Loss

Perceptual loss is employed to compute the variance between the recovered image
I and the ground truth image I. The pre-frained deep learning network, specifically
VGG16 is employed for feature extraction from the final layers. The perceptual loss
function is described below in Eq. (7).

Lper = ¥ - ”Q)J'(I,)_Q)j(l)llz' (7)

The ground truth image | and the recovered image I’ are correlated to theVGG16
feature maps and denoted by @(I) and @(I’), respectively. The dimensions of @(I) and
@(I') are described by Cj, H;, and W), where j=1, 2,... N.

Deep Semantic Loss

In deep features, the spatial correlation and the boundary details are emphasized by
deep semantic loss. The interpretation of Laplace operator [27] demonstrates
semantic details present in observed features with significant variations. A description
of the deep semantic loss is provided in Eq. (8).

Loem = Zr o 181 (£ (0,0)) - 61 (¢ (0,0)) |1 @)
The RelLU function is represented by 6, and the Laplace operator is shown by &(.).The
aspects of feature maps such as @ (I') and @ (I) are described by Cj, H;, and W, where
j=1,2... N.To achieve deep semantic information, the recovered image I’ has been
compared to the ground truth image | using the L1 norm.

Total Loss

The deep semantic loss, perceptual loss, and smooth L1 loss comprise the total loss.
Eq. () illustrates that the loss function reduces throughout the training process to refine
the model.
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Liotar = Lsmo + All’per + A3 Lsem, (9)
The interaction of the loss components is controlled by A and Az.

Experiments

Various experiments are accomplished to assess the efficiency of suggested method
by comparing it with the other haze-removal methods using both the SOTS and real-
world images.

Implementation Details

The suggested network consists of feature extraction modules, channel attention,
mixed convolution attention, and feature fusion block. The convolution layers possess
kernel size of 3x3 except for channel attention which has convolution layer with a
kernel size of 1x1. The mixed convolution attention block consists of mixed depthwise
convolution layer, ReLU, and pointwise convolution layer with a kernel size of 1x1. The
size of all feature maps is fixed, and the output of each level is 64 filters.

Training Settings

The pytorch is employed to implement the suggested network with a 240x240 input
size. The Adam optimizer [28] is used for swift training, and the values are adjusted to
0.2 and 0.999 for Bi and B2. The initial value for learning rate is 0.0001.We used the
GeForce GTX 1080Ti GPU to instruct the network for 100 epochs on ITS and 50 epochs
on OTS.

Datasets and Evaluation Indexes

The suggested network is trained and tested using RESIDE dataset [29]. For indoor
training set (ITS), A€[0.7, 1.0] and B€[0.6, 0.8] were utilized to create 13990 indoor hazy
images from 1399 indoor clear images. Middlebury Stereo [30] and NYU Depth V2 [31]
datasets were utilized to generate depth maps. For outdoor training set (OTS), A€[0.8,
1.0] and B€[0.04, 0.2] were utilized to create 296695 outdoor hazy images from 8477
outdoor clear images. The depth maps of outdoor images were created using the
algorithm suggested in [32]. The SOTS dataset is employed for testing purpose. It
includes 500 indoor and 500 outdoor hazy images. We evaluate the performance of
various methods of image dehazing using PSNR and SSIM.

Performance Analysis on Synthetic Dataset

Experimental evaluations on the synthetic dataset are executed to assess the
performance of suggested method and numerous other methods. Fig. 7 and Fig. 8
demonstrate qualitative results on synthetic indoor and outdoor images. The images
produced by DCP method [3] are darker than comparable ground truth images. This
method frequently exhibits severe distortion of color and loss of depth information,
indicating that the prior-based approach is ineffective at solving the problem (see
Figs. 7(b) and 8(b)). AOD-Net [19] exhibits better performance in color restoration
when compared to DCP. It still leaves a hazy effect and halo artifacts in the corners
and edges (see Figs. 7(c) and 8(c)). GCA-Net [21] achieves impressive dehazing
performance by reducing gridding artifacts and improving the edges and texture
details (see Figs. 7(d) and 8(d)). GridDehazeNet [23] removes color distortion and
generates haze-free images. The haze-free images are more similar to ground fruth
images, but it leaves certain artifacts in its wake while removing dense haze (see Figs.
7(e) and 8(e)). AMSFF-Net [25] works better to lessen haze, brightness variation, and
color distortion while producing fewer arfifacts in an image (see Figs. 7(f) and 8(f)).
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FFA-Net [24] accomplishes excellent dehazing outcomes by avoiding excessively
sharp edges and color erosion (see Figs. 7(g) and 8(g)). It restores color in most areas
of images. However, it cannot remove haze from the images successfully. Our
suggested method generates the best haze-free image, reduces color distortion, and
restores images with sharp textural and semantic details (see Figs. 7(h) and 8(h)). Table
1 and Table 2 present quantitative outcomes of several dehazing methods on
synthetic indoor and outdoorimages. Deep learning-based dehazing methods exhibit
better values of PSNR and SSIM than prior-based methods. Additionally, our suggested
method recovers dehazed images with maximum PSNR and SSIM values compared
to all other currently used dehazing methods on SOTS.

_.a R N B B e D B,
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Figure 7.
Qualitative results on indoor images of SOTS with various dehazing methods
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Flgure 8.
Qualitative results on outdoor images of SOTS with various dehazing methods

Performance Analysis on Real-World Dataset

We evaluate the suggested method with numerous other dehazing methods using
unannotated hazy images of the ExternelCvpr dataset. The haze-free images of
dataset are not available. We have only measured the qualitative results of real-world
images as shown in Fig. 9. The observations are generally reliable with those on the
synthetic images. The outcomes of DCP [3] exhibit the darker images with severe color
distortions (see Figs. 9(b)). The haze cannot be completely removed by AOD-Net [19].
It reveals the brightness degradation and generates halo effects around edges of
object (see Figs. ?(c)). The outcomes of GCA-Net [21] exhibit the missing regions and
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brightness variance. It also reduces gridding artifacts in images (see Figs. 9(d)). The
AMSFF-Net [25] generates fewer artifacts in image. This network is more efficient in
reducing haze, brightness variance, and color distortions (see Figs. ?(e)). The FFA-Net
[24] removes thin haze effectively. Moreover, it generates some apparent tiny artifacts
in specific regions and eliminates color distortion (see Figs. ?2(f)). In comparison with
aforementioned methods, our suggested method is more effective in reducing haze
and managing distortions. It offers an immense cooperation between restoration of

color fidelity and severity of dehazing (see Figs. 2(9)).

(©) (d) (@
AOD-Net GCA-Net FFA-Net DFF-Net (Ours)

Figure 9.

Qualitative results on unannotated real-world images with various dehazing methods
Table 1.

Quantitative outcomes of several dehazed methods on indoor images of SOTS dataset

Methods DCP AOD- GCA- GridDehazeNet  AMSFF-Net FFA-Net DFF-Net
3] Net [19]  Net [21] [23] [25] [24] (Ours)
PSNR 16.16 20.51 21.69 32.16 34.87 36.39 37.42
SSIM 0.8546 0.8162 0.8621 0.9836 0.9899 0.9886 0.9925
Table 2.
Quantitative outcomes of several dehazed methods on outdoor images of SOTS dataset
Methods DCP AOD-Net GCA-Net GridDehazeNet AMSFF-Net FFA-Net DFF-
[3] [19] [21] [23] [25] [24] Net
(Ours)
PSNR 19.14 2414 22.96 30.86 32.23 33.57 34.64
SSIM 0.8605 0.9198 0.8911 0.9819 0.9854 0.9840 0.9889

The suggested method outperforms existing haze removal methods in terms of PSNR and SSIM
values on indoor and outdoor images, demonstrating its relevance in retrieving haze-free
images without affecting image quality and preserving glamorous images with sharp textural
details. We evaluated efficiency of deep semantic loss through a number of tests and selected
the best average assessment outcomes after one hundred iterations on training of model, as
illustrated in Fig. 10. The model performance and dehazing efficiency is improved by deep
semantic loss.
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Figure 10.
Average assessment outcomes on training with the indoor images

Runtime Analysis

We analyzed the running time of aforementioned state-of-the-art methods on SOTS to assess
efficiency and depicted their average runtimes in Fig. 11. Using our proposed method, one
image from SOTS is dehazed in an average time of 14.6 milliseconds. The proposed method
comes in the second place among the evaluated dehazing methods. The running time is less
than all other dehazing methods except AOD-Net [19]. AMSFF-Net [25] and GridDehazeNet
[23] take approximately 2 ms and 4 ms more than our proposed method.
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Figure 11.
Average runtime of evaluated dehazing methods on SOTS

Ablation Analysis

We conduct an ablation analysis to demonstrate the efficiency of our proposed network. The
analysis considers different components and loss function, including feature extraction
module, channel attention, mixed convolution attention, and deep semantic loss. We utilize
the similar configuration to instruct the network as described in the implementation details
(section 4.1). The outcomes of the fusion of several components are displayed in Table 3. The
image dehazing task involves the evaluation of four different network architectures. Base
network is developed using feature extraction modules and feature fusion and maintaining
the loss strategy. The performance of network with feature extraction modules is consistently
satfisfactory in extracting feature information and image details. The network is developed
infegrating the channel attention with feature extraction modules. It removes haze and
handles areas with more details but still donot accentuate semantic and textural details.
Besides, the channel attention and mixed convolution aftenfion mechanism is utilized to
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develop network without deep semantic loss. It focuses on the important features and
enhances performance by capfuring the semantic and textural details from extracted
features. When the network is trained with deep semantic loss, it improves the model
performance and dehazing efficiency. The ablation findings demonstrate that each
component has a considerable impact on the performance of network. It helps in restoring
the textural details and reducing the color distortion to enhance the effectiveness of the
image dehazing network.

Table 3.
Comparison on SOTS indoor testset using several components
Feature extraction module v v v v
Channel attention — v v v
Mixed convolution attention --- -—- v v
Deep semantic loss --- -—- — v
PSNR 32.85 34.62 36.89 37.42
SSIM 0.9698 0.9769 0.9892 0.9925
LIMITATIONS

When the image boundary is unclear, the proposed method generates images with distorted
low-frequency color areas. This indicates that the method lacks the necessary robustness to
function effectively in complex situations.

CONCLUSION

An end-to-end attention-based deep feature fusion network is proposed to recover haze-free
image. The network has ability to extract features from shallow to deep layers using feature
extraction modules. Channel features are focused by channel attention mechanism. Mixed
convolution attention block pays more attention to important features. It fransforms redundant
features info useful ones and produces clear image with the sharp textural and semantic
details. The deep semantic loss enables network to measure semantic differences between
ground truth images and haze-removed outcomes. The experimental findings illustrate that
DFF-Net improves the dehazing performance on both the synthetic and real-world images
compared with other haze-removal methods. It improves the quality of haze-free image and
reduces color distortion.
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