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Abstract.Dehazing is a technique in computer vision for enhancing the
visual quality of images captured in cloudy or foggy conditions. Dehaz-
ing helps to recover clear, high-quality images from haze-affected remote
sensing data. In this study, we introduce IncepDeHazeGAN, a novel Gen-
erative Adversarial Network (GAN) involving Inception block and multi-
layer feature fusion for the task of single-image dehazing. Utilizing the
Inception block allows for multi-scale feature extraction. On the other
hand, the multi-layer feature fusion design achieves efficient reuse of fea-
tures as the features extracted at different convolution layers are fused
several times. Grad-CAM XAI technique has been applied to our net-
work, highlighting the regions focused on by the network for dehazing
and its adaptation to different haze conditions. Experiments demonstrate
that our network achieves state-of-the-art results in several datasets.

Keywords: Remote Sensing: Satellite Imagery- GANs: Inception Blocks-
XAI- Deep Learning - Image Dehazing

1 Introduction

Haze caused by atmospheric conditions that scatter light lead to loss in detail,
reduced contrast and color distortion in images. This significantly affects ap-
plications where high-quality images are crucial for decision making. Dehazing
is a field in computer vision and image processing that aims to extract high-
quality scenes from hazy photos [1]. Dehazing has applications in autonomous
driving, surveillance systems, image enhancement and, remote sensing and satel-
lite imagery [2]. This study focuses on the application of dehazing techniques on
satellite imagery.

The atmospheric scattering model [3, 4] is a widely used physics based frame-
work for developing algorithms for image dehazing. The model assumes the at-
mosphere has a homogenous distribution of particles with isotropic properties.
The model is expressed by the formula:

I(z) = J(x)t(x) + A(1 — t(x)) (1)

where I(z) is an observed hazy image J(z) is the haze-free image (“clean im-
age”) to be recovered. There are two critical parameters: A denotes the global
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atmospheric lighting, and ¢(z) is the transmission matrix defined as:

t(z) = e Pd@) (2)

where (8 is the atmospheric scattering coefficient, and d(x) is the distance be-
tween the object and the camera. The goal of dehazing algorithms based on the
atmospheric scattering model is to estimate ¢(z) and A, and then use these to
recover the haze-free image J(x).

Prior-based methods of image dehazing, such as [5], introduce diverse as-
sumptions to help address the challenges of the ill-posed atmospheric scattering
model. [6] suggests two new priors: the local patchwise minimal values prior
(MinVP) and the local patchwise maximal values prior (MaxVP). It has been
shown that these priors are more effective in producing transmission maps that
are comparable to those obtained by DCP and BCP. Trung et al. [7] propose
Color Ellipsoid Prior (CEP), a dehazing technique based on the generation of
colour ellipsoids in RGB space. The two main elements of this method are the in-
corporation of fuzzy segmentation and the statistical fitting of hazy pixel clusters
into ellipsoids.

In recent years, several learning-based methods such as CNNs, GANs and
ViT have been used for the task of single image dehazing. Many studies have
successfully applied Generative Adversarial Networks (GAN) [8] to image dehaz-
ing and achieved excellent results. The application of GANs in dehazing leverages
their ability to generate high-quality images by learning the underlying distri-
bution of clear images from hazy inputs. GANs consist of two neural networks:
the generator and the discriminator. The generator learns to produce new data
indistinguishable from ground truth by mapping input noise to data space. The
discriminator’s role is to distinguish between fake data produced by the gener-
ator and the real data. It is trained to maximise its ability to correctly classify
real and fake data. This adversarial training continues until the generator is able
to produce data which the discriminator cannot reliably classify.

In this work, we introduce a simple yet effective image dehazing network,
IncepDeHazeGAN. To address the challenges in efficiently combining feature
data from various levels, our model utilises Inception module [9] and Resid-
ual connections [10]. The Inception module applies multiple convolutional filters
with different kernel sizes (e.g., 1x1, 1x3, 3x3 in our network) simultaneously to
the input data. This enables multi-level feature extraction where the network
captures local and global features at several levels. Residual connections allow
feature maps to bypass one or more intermediate layers and connect directly to
a subsequent layer. They help deal with vanishing and exploding gradients, and
their regularising property helps avoid model collapse in GANs [11]. IncepDe-
HazeGAN uses a multi-level feature fusion design, which helps in mitigating
information loss due to downsampling. Fusing feature maps from different layers
enhances feature representation as low-level and high-level features are learned
simultaneously [12]. We summarize our contributions as follows:
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—We propose a novel architecture that shifts focus from attention-blocks onto
simple multi-layer feature extraction and skip connections for the task of
image dehazing. This allows our network to be lightweight and achieve state-
of-art results with a GAN-based architecture.

—Utilize Explainable Al technique, Grad-CAM, for the purpose of analyzing
and verifying the decision making process of the network.

2 Related Works

Image dehazing is an important research topic in computer vision. With the
rapid advancement of learning-based technology, several deep-learning methods
have been applied to this task. He et al.[13] introduce LRSDN, a lightweight
CNN- based dehazing network with less than 0.1M parameters. This proposed
architecture consists of two main components, the Axial Depthwise Convolution
and Residual Learning Block (ADRB) and the Hybrid Attention Block (HAB).
ADRB utilizes axial depthwise convolutions and residual connections to enhance
feature extraction and mitigate the gradient vanishing problem. HAB integrates
channel attention and pixel attention mechanisms. Channel attention enhances
relevant features while suppressing less important ones. Pixel attention incor-
porates observational priors allowing for better reconstruction of areas covered
in deep haze. The lightweight design of this architecture makes it suitable for
real-time applications. Du et al.[14] propose AU-Net, an end-to-end asymmet-
ric U-Net dehazing network. This network incorporates optimization of phys-
ical parameters with deep-learning techniques to enhance image clarity. First,
Unet is used to estimate key physical parameters, including atmospheric light
A and transmittance map 7. Next, a rough dehazing image J is deduced using
A and T. Finally, AU-Net utilizes self-attention with depth (SAD) and chan-
nel attention (CA) modules to refine J once again. SAD focuses on merging
deep semantic information with shallow detail features, while CA emphasizes
the importance of different channels in the feature maps. Wen et al.[15] propose
RSHazeNet, an encoder-minimal and decoder-minimal network, where the en-
coding and decoding stages are down-sampling and up-sampling operations. Skip
connections are utilized to maintain information flow. For the task of merging
features at the same level, the authors develop the intra-level transposed fusion
module (ITFM). ITFM employs adaptive pooling and 1x1 convolution to gen-
erate attention maps, which are a fusion of features from different sources and
capture contextual dependencies. The authors also introduce cross-level multi-
scale interaction module (CMIM) and multi-view progressive extraction block
(MPEB). CMIM uses transposed self-attention to compute attention maps, al-
lowing features from different resolutions to interact. This addresses the infor-
mation loss due to repeated sampling operations. MPEB partitions the input
features into four components, each processed by convolutions of varying kernel
sizes and dilation factors. MPEB enables the network to learn multi-view fea-
tures, capturing diverse spatial information. The All-in-One Dehazing Network
(AOD-Net) introduced by Boyi et al.[16] utilizes a re-formulated atmospheric
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scattering model. The K-estimation module consists of five convolutional layers
that estimate a variable K (z). This variable integrates the effects of transmission
matrix and atmospheric light. Following K-estimation, element-wise operations
compute the final dehazed image using the estimated K (x). The architecture
captures multi-scale features improving reconstruction of fine details in the out-
put images. In [17], Yufeng et al. introduce FCTF-Net (First-Coarse-Then-Fine
Network). FCTF-Net employs a two-stage dehazing process. The Coarse-Scale
dehazing process utilizes a encoder-decoder structure to extract multi-scale fea-
tures and produce initial results, This stage incorporates Residual Dense Blocks
to enhance information flow and facilitate feature reuse. The Fine-Scale dehazing
stage utilizes information from the coarse stage to refine the initial output and
improve dehazing performance. FCTF-Net architecture includes Channel Atten-
tion (CA) mechanism to adjust importance of different feature channels based on
their relevance to haze distribution. This mechanism allows the model to focus
on varying haze characteristics at different scales, improving overall dehazing
ability.

3 Datasets

In this study, we utilized two publicly available datasets namely Hazelk and
RICE dataset to train and evaluate our proposed model for Satellite Image
Dehazing.

3.1 Hazelk

The Hazelk dataset [22] is a widely recognized resource for remote sensing image
dehazing. The dataset consists of synthetic hazy images with corresponding clear
images, and SAR images. The original clear images are sourced from the GF-
2 satellite, while the SAR images come from the GF-3 satellite. In line with
standard practices for optical remote sensing image dehazing, only the RGB
hazy and clear images were used, excluding SAR images as additional input.
All images are at a resolution of 512 x 512 pixels. The dataset is split into four
sections: train, test thin, test moderate, and test thick, with 900 images allocated
for training and 45 images for each testing category of cloud thickness.

3.2 RICE

The RICE (Remote sensing Image Cloud rEmoving)[23]| dataset is divided into
two parts: RICE-1 and RICE-2. For our study, we are using RICE-1. This subset
includes 500 pairs of images, each consisting of a cloud-covered and a cloudless
image, both sourced from Google Earth by adjusting the cloud layer settings.
All images are 512x512 pixels in size. We allocated 90% of the data for training
and 10% for testing.
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Fig. 1: Sample Pair from Hazelk dataset
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Fig. 2: Sample Pair from RICE dataset

4 The Methodology: IncepDeHazeGAN

Our proposed Model follows a GAN (Generative Adversial Networks) based ap-
proach to image dehazing. The network diagram is Fig. 3

4.1 Generator

The Generator is designed as a encoder-decoder structure with incorporating
Inception Blocks [12], for enchanced feature extraction. Generator takes an hazy
image as input and give corresponding dehazed image as output. The proposed
generator network architecture is divided into three parts namely: (1) Encoder
block (2) Inception Module, and (3) Decoder block. Encoder/Decoder block con-
sists of simple convolution/deconvolution layer followed by nonlinear activation
function (ReLU). The Inception Blocks uses different kernel sized convolutions
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Fig. 3: Model overview

(1x1, 1x3, 3x1, 3x3) to extract features. We have used the residual connections,
as used in [14]. The major purpose behind employing skip connections in the
architecture was to share the low-level features learned at initial convolution
layers to the deconvolution layers and reduce information loss due to downsam-
pling operations. This concatenation of feature maps helped them to generate
the prominent edge information in the output image. Inspired by this, we used
multi-layer feature fusion to obtain better results. In the training of the gen-
erator, we employ a combination of adversarial loss and mean absolute error.
The adversarial loss, or GAN loss, is computed based on the output of the dis-
criminator and the target labels of ones, encouraging the generator to produce
realistic outputs that can deceive the discriminator. This loss is defined as:

Laan(z,y) = = iy [yilog (o(z:)) + (L —yi)log (1 = o ()] (3)

In addition to the adversarial loss, we incorporate a mean absolute error (L1
loss) between the generated image and the target image. This loss term helps to
maintain the fidelity of the generated output relative to the ground truth and is
defined as:
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The total generator loss is a weighted sum of the adversarial loss and the L1
loss, where X is a hyperparameter controlling the trade-off between these two
losses. In our implementation, A is set to 100:

L:gcn = £GAN +A- L:Ll (5)
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4.2 Discriminator

The discriminator consists of six convolutional blocks, each containing a convo-
lutional layer with leaky ReLU activation and a batch normalization layer. It
produces a single-channel matrix with sigmoid activation.

Inspired by [24], we concatenate the input image with either the ground truth
or the generator’s output before passing it to the discriminator. This approach
allows the discriminator to effectively evaluate the plausibility of the generated
image. Furthermore, our discriminator outputs a matrix instead of a single value,
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Fig. 5: IncepDehazeGan Discriminator

which encourages the generator to produce realistic local features and textures
across the image. By focusing on small regions for each pixel, the discriminator
also helps mitigate overfitting.

For training the Discriminator, we use Binary Cross Entropy to distinguish
between Ground Truth and Output produced by generator. BCE loss has 2
components - real loss and generated loss.

Real loss is calculated by comparing discriminator’s output of ground truth

images with ones, indicating that the discriminator should correctly identify
these images as real.

Lrent =~ D108 (0(D () (®

Generated loss is calculated by comparing discriminator’s output of Generated
images with zeros, indicating that the discriminator should correctly identify
these images as fake.

N
Lo =~ D log (1= 0(D(G(z) @

The total discriminator loss is defined as sum of t real loss and generated loss
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['D = Ereal + »Cfake (8)

4.3 Explainable AI

Explainable AI(XAI) refers to methods developed to interpret output of deep
learning models. XAI aims to address this by providing insights into how mod-
els make decisions, thereby increasing trust, transparency and accountability. In
this work, XAI has been applied to our image dehazing network, helping under-
stand where the model is focusing on the input image for recovering the dehazed
output.

Gradient-weighted Class Activation Mapping (Grad-CAM)[21] is an XAI
technique used to visualize and interpret results, particularly for image-based
tasks. Grad-CAM uses the gradients of any target flowing into the final convo-
lutional layer to produce a coarse localization map highlighting the important
regions in the image for predicting the concept. From a high-level, we take an
image as input and select a layer in the model architecture where we want grad-
cam output. We then run the input through the model, take the layer output
and loss value. Next, we find the gradient of the output of our desired model
layer w.r.t. the model loss. From there, we take sections of the gradient which
contribute to the prediction. This is followed, reducing, resizing, and re-scaling
the heat map so that it can be overlaid on the original image.

In the figure below, the Grad-CAM image overlaid on the input image clearly
shows that the model is primarily focusing on the hazy areas, indicating that it
is effectively performing the intended task.

5 Experimental Study

We utilized two publicly available datasets to evaluate our model, where it out-
performs several other models both quantitatively and qualitatively.

5.1 Implementation Details

IncepDehazeGan is trained on an input hazy image size of 256 x 256 x 3. The
network has been trained for 100 epochs using Adam optimizer for both generator
and discriminator. An initial learning rate of 0.0002 and beta values of 0.5 and
0.999 have been used for computing running averages of gradient and its square
respectively. IncepDehazeGAN has been trained using NVIDIA Tesla P100 GPU,
with 16GB memory and 3584 CUDA cores.

5.2 Performance of Datasets

Hazelk The Hazelk dataset has 3 sets of testing data with varying haziness,
namely thin, moderate and thick, with each set containing 45 images for testing.
On this dataset, IncepDehazeGAN achieves an SSIM of 0.965 on the thin and
moderate datasets and SSIM of 0.934 on the thick testing dataset.
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Fig. 6: An example visualization from GradCAM highlights that the model predomi-
nantly concentrates on the hazy regions.

Table 1: Quantitative comparisons of different algorithms’ dehazing on the Hazelk
dataset.

Dataset [Metrics| [7] [5] [18] [19] [16] [20] [15] [14] [13] | Ours
LPIPS| | 0.222 | 0.186 | 0.210 | 0.311 | 0.238 | 0.232 | 0.220 | 0.190 | 0.157 | 0.088
Thick PSNRT [15.089[16.365 [ 16.647 [ 11.754 [ 16.521 | 16.506 | 20.258 [ 19.909 [ 21.897 [21.612
SSIMT [ 0.759 | 0.790 | 0.787 [ 0.702 | 0.774 | 0.777 | 0.835 [ 0.837 | 0.847 | 0.937
FSIMT | 0.889 [ 0.914 | 0.901 | 0.872 [ 0.864 [ 0.862 | 0.941 | 0.948 [ 0.959 | 0.956
LPIPS] | 0.274 | 0.198 | 0.104 | 0.320 | 0.175 | 0.116 | 0.061 | 0.104 | 0.088 | 0.055
PSNRT [13.083]15.45420.656 | 14.763]20.078 [ 20.970 [ 24.880 | 24.327 | 25.241 [25.731
SSIM?T | 0.746 | 0.798 | 0.918 | 0.785 | 0.906 | 0.921 | 0.941 | 0.929 | 0.934 | 0.965
FSIMT | 0.854 [ 0.895 [ 0.942 | 0.899 [ 0.917 | 0.936 | 0.966 | 0.956 | 0.970 | 0.974
LPIPS| | 0.287 | 0.183 | 0.088 | 0.279 | 0.098 | 0.095 | 0.083 | 0.071 | 0.070 | 0.044
Thin PSNRT [12.194[13.921[20.426 | 15.048 [ 18.671 | 18.648 [ 22.377[23.017 | 23.673 [24.445
SSIMT [ 0.701 | 0.760 | 0.891 [ 0.772 | 0.870 | 0.873 | 0.903 [ 0.909 | 0.913 | 0.965
FSIMT | 0.834 [ 0.892 [ 0.962 | 0.911 [ 0.943 [ 0.947 | 0.967 | 0.976 [ 0.978 | 0.975

Moderate

Table 2: Quantitative comparisons of different algorithms’ dehazing on the RICE
dataset.

Metrics| [7] [5] [i8] | 1191 | [16] | [20] | [15] | [14] | [13] | Ours
LPIPS] | 0.341 0.288 0.293 0.363 0.274 0.183 0.106 0.075 0.077 0.072
PSNR7T | 14.234 | 17.058 | 15.217 | 15.750 | 20.784 | 23.108 | 23.453 | 28.704 | 31.662 | 29.203
SSIM*T 0.713 0.723 0.742 0.611 0.834 0.873 0.919 0.946 0.953 0.957
FSIM?T 0.800 0.781 0.865 0.746 0.856 0.887 0.961 0.980 0.983 0.964
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Fig. 7: Visual comparisons of dehazed results by different methods on Hazelk dataset.
(g-1) are samples from the thin, moderate, and thick haze subsets of the Hazelk test
set, respectively
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Fig. 8: Visual comparisons of dehazed results by different methods on the RICE
dataset.

RICE For training, this dataset was split into a 90:10 ratio with 90% used for
training and 10% used for testing. Our network achieves an SSIM of 0.9513,
PSNR of 28.612 and FSIM of 0.9616.

5.3 Comparsion with other Models

Our model delivers remarkable results on both datasets. Starting with Hazelk,
where many novel models struggle to achieve high accuracy on the thick test
dataset, our model outperformed the current state-of-the-art, LRSDN, by achiev-
ing a 10% higher SSIM. Additionally, we achieved a 43% lower LPIPS score
compared to LRSDN. On the moderate test set, our model reduced the LPIPS
score by 37%. In the RICE dataset, our model achieved results comparable to
the state-of-the-art, with only a 2% variation.

6 Conclusion

This paper proposes a novel image dehazing network, IncepDehazeGAN, which
utilizes Inception blocks and residual connections to effectively reconstruct clear
images from hazy image inputs. Extensive experimental results and compari-
son with current state-of-the-art models on a variety of metrics (PSNR, SSIM,
LPIPS and FSIM) confirm the superiority and effectiveness of our model on the
widely used Hazelk and RICE datasets. Grad-CAM XAI technique applied to
our network verifies that the model focuses on the hazy regions of the input, as
is the intended task of the model.
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