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Abstract In this paper, synthesis of hazy image based on generative adversarial net is described
in detail. As an unsupervised learning method, the generative adversarial networks cannot learn
the mapping between image pixels, which means the generation of images is uncontrollable.
Therefore, because of the uncertainty of the parameters of the algorithms and the limitation of
the application scenarios, a new application of the new method is proposed in this paper. The

networks can learn the mapping between input and output image, and learn a loss function to
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train this mapping. The algorithm is based on GAN, and the improved generator and discriminator
are proposed. And supervised learning is carried out to train the mapping between pixels in hazy
images and haze-free images. Taking synthesis of hazy image as an example, we propose two
networks: the one is generative network, which is used to generate hazy images, and the other
one is discriminative network, which is used to identify the images. Here, considering the corre-
sponding effect of image conversion, a hourglass-shaped fast link generator network is designed,
which uses the fog-free image as the input. Specifically, the generated network is divided into two
parts, encoding and decoding, and the underlying texture information of the image is preserved
by adding corresponding convolution layers. Then, a funnel-shaped global convolutional judger
network is designed to test the results of smog image synthesis. The composite image and the
target image are respectively identified by the decider. The global convolutional neural network is
used for multi-level downsampling to achieve classification and discerning image style. Meanwhile,
the loss function of network is also modified. By calculating the sum of GAN loss and ABS loss,
better results can be gotten. The loss function of GAN is to make the training of GAN model
more accurate. However, the hazy image synthesis algorithm is actually a regression problem
rather than a classification problem. And the generator is tasked not only to fool the discriminator
but also to be near the ground truth Output. So in order to learn the mapping accurately and
avoid deviation and distortion, the using of the ABS loss function is helpful. Finally, we analyze
and contrast the experimental results carefully. This paper evaluates the transformation of different
haze scenes, tests the effect of our hazing and dehazing algorithm, and compares it with other
algorithms. For hazing effect, in synthetic scene and virtual scene, compared with the effect of
software, the effect of our algorithm is obviously better than that of others, and there is no color
distortion. In real scenes, the results of our algorithm are very similar to those of the real foggy and
hazy scene. What’s more, compared with other GAN image conversion algorithms, our algorithm
has obvious advantages. Similarly, it can be seen that the effect of our haze removal task is also
very obvious. Experiments demonstrate that the proposed algorithm has better performance than
state-of-the-art methods on both synthetic and real-world images qualitatively and quantitatively.
Keywords image processing; image conversion; haze scene; generative adversarial net; deep

learning
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generator and discriminator are improved to train the
mapping between pixels in hazy images and haze-free images.
Taking synthesis of hazy image as an example, we propose

two networks: a hourglass-shaped fast link generator
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network using the fog-free image as the input and a funnel-
shaped global convolutional judger network to test the results
of smog image synthesis. The modified loss function is to
make the training model more accurate. The effect of our
algorithm is better than state-of-the-art methods on both
synthetic and real-world images qualitatively and quantita-
tively. There is no color distortion in our haze removal task.

The generated network is divided into two parts, encoding
and decoding, and the underlying texture information of the
image is preserved by adding corresponding convolution
layers. The funnel-shaped global convolutional judger network

is designed to test the results of smog image synthesis, it’s
g g ge sy

not only to fool the discriminator but also to be near the
ground truth Output. The loss function of network is modified
to calculate the sum of GAN loss and ABS loss, better
results can be gotten. With all of these improvements, the
model can learn the mapping accurately and avoid deviation
and distortion well. The experimental results show the
practicability and the advancement of the proposed algorithm.
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