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Abstract—Weather translation of image refers to the task of
changing the weather of an input image to desired weather while
preserving the structure of the image’s content, which belongs to
a task of image-to-image translation. Recent works have made
great process in image-to-image translation between two domains
and some works have even achieved multi-domain translation
within a single model. However, existing works have limited
robustness in handling weather translation among multi-domain,
since bad weather produces a loud noise and it is challenging to
process scene images without fixed pattern in a unified model.
In this paper, we propose WeaGAN based on encoder-decoder
architecture and generative adversarial training process to trans-
late the weather of image among multi-domain. In particular,
We employ SE block in generator and combine adversarial
loss, classification loss and content loss for visually detailed and
realistic result. Experience in qualitative and quantitative aspect
on synthetic dataset and real dataset show the effectiveness and
competitiveness of our method compared with state-of-the-art
works.

Index Terms—weather translation, generative adversarial net-
work, multi-domain translation

I. INTRODUCTION

The task of weather translation of image is to change
the weather of a given image from source domain to target
domain, e.g., changing the image’s weather condition from
rainy to sunny(see Fig. 1). Most existing relative works solving
weather translation task by handling de-fogging and de-raining
respectively, because bad weather conditions such as rain and
fog will have negative effect on detection and recognition
algorithms in cameras. Single image de-fogging and de-raining
methods are divided into prior knowledge-based approaches
and learning-based approaches. Former method relies on arti-
ficial design features, for example, dark channel prior is used
for de-fogging and low-rank model is applied in de-raining.
However, these traditional methods with poor extendibility
tend to lead to over smooth result. Recently, learning-based
approaches have been designed to handling de-fogging and
de-raining taking advantage of the end-to-end mapping ability
of convolutional neural networks(CNNs). [1] learns to map
foggy image to its correspond medium transmissions by CNN
architecture to do de-fogging. [2] trains a CNN on the detail
layer instead of the image domain for removing rain from
individual images.

Due to the effective application of GAN and cGAN in
the field of image-to-image translation, a possible method
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Fig. 1. Sample results of the proposed WeaGAN. Images with red bound
represent input images and other images are generated results. Left: results
in synthetic dataset. Right: results in real dataset.

to address these issues is viewing them as image-to-image
translation task which aims to translate the particular feature of
an input image to desired feature. For instance, to convert a im-
age’s style from black and white to colorful without changing
its content. GANS try to model image distribution of the target
domain by generating fake image which are distinguishable
from real image sampled from the target domain. It has wildly
application such as style transfer, face attribute edit and super
resolution. Based on cGAN, [3] and [4] integrate adversarial
loss, pixel loss and perceptual loss into generator to achieve
de-fogging and de-raining respectively.

Nevertheless, these works have limitation in practical appli-
cation in which we expect to deal with these tasks simultane-
ously in a unified model. It is inefficient that for the purpose
of learning all mapping relations among k domains, k(k — 1)
cross-domain models need to be trained, as shown in Fig. 2.
Firstly, in some device such as traffic surveillance camera,
only lightweight model can be load, and for every frame of
the video, multi models should be switched based on the
classification of image while single model only needs original
image and target label. Furthermore, weather translation tasks
are not independent, they share content features which can be
fully utilized in a single model while cross-domain models
can only learn features from two domains. AttGAN proposed
by He et al. [5] and StarGAN put forward by Choi et al.
[6] have already achieved image-to-image translation among
multi-domain within a single model by using reconstruction
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Fig. 2. To learn mapping among three domains, left: six models need to be
trained in cross-domain model, right: we use a single model to handle the
task.

loss and attribute classification constrain based on cGAN.
They are applied in editing human face attribute, which have
limitation in weather translation of complex and diversified
scene images. Inspired by AttGAN, we propose WeaGAN to
realize weather translation of image among multi-domain in a
unified model. Our contributions are as follow:

o We preprocess images from DID-MDN [7] to synthesis
images with the same content but under three different
weather conditions for training.

o In WeaGAN, we add SE block [8] on generator and use
content loss in the optimization to get results with better
perceptual quality.

« We present a simple and efficient model for handling
single image’s weather translation among multi-domain,
which is demonstrated to be valid in both synthesis
dataset and real dataset and even outperform other models
designed for mapping between two domains.

II. RELATED WORK
A. Two domains translation

GAN using mini-max game theory to fit the distribution
of training data through training generator and discriminator
simultaneously has shown potential ability in image genera-
tion. cGAN can synthesis image with special class via adding
conditional information have been applied in image-to-image
translation task recently. Pix2Pix [9] based on cGAN, which
proposed by Phillip et al. is a general framework for image-
to-image translation, in which training images are put into
the U-Net structure generator and then generated images as
well as real images are put into discriminator. These two
training processes alternately iterate by optimizing the loss
function combining adversarial loss and L1 loss, but the
model needs paired images which sometimes may be difficult
to collect. To address the difficulty of getting paired data,
CycleGAN [10] couples two GANSs together, utilizing sym-
metrical training strategy and cycle consistency loss function
for optimization. [11] and [12] enhance CycleGAN by refining
network structure and constraint condition for de-fogging and
de-raining. However, these models can only learn mapping
between source domain and target domain.

B. multi-domain translation

In order to solve image-to-image translation among multi-
domain in one model, several GAN-based approaches are
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developed. IcGAN [13] train Encoder once the cGAN has been
trained to map input image x to z representing content and
y representing attribute which can be edited, then y is put
into generator together with z to get &’ with desired attribute.
Fader Networks [14] utilize adversarial training process to
force encoder to learn attribute-invariant represent which then
be decoded conditioned on arbitrary attribute vector. These two
models separating content represent from attribute strictly can
result in information loss. StarGAN put image together with
attribute vector into generator, add classifier in discriminator to
classify generated image’s attribute and use reconstruction loss
to ensure the consistency of content. Different from StarGAN,
AttGAN first encoder input image to latent representation
which is concatenated with attribute represent and then be
input into decoder, which is proved to preserve content infor-
mation better. StarGAN and AttGAN are proposed for facial
attribute editing whose input face images usually have a fixed
pattern and need smaller change than scene images which
need more variations on texture and color when translating.
StarGAN and AttGAN use reconstruction loss to preserve
attribute-excluding detail of their input images, it is time
consuming when training and is not suitable for weather
translation for its weak constraint.

C. Perception loss

Perceptual loss proposed by L et al. [15] measuring the
discrepancy between the high-level features extracted from
VGG network is proved to be able to promote perceptual
quality of synthesis image and has been used for style transfer
and super-resolution task. PAN [16] exploit hidden layer of
discriminator instead of VGG network for image-to-image
translation task.

Considering that we can synthesis training images contain-
ing the same contents while owning different weather condi-
tions, we build our model based on AttGAN and design loss
function which is composed of adversarial loss, classification
loss and content loss for perceptual convincing result.

III. PROPOSED METHOD

Our network architecture, shown in Fig. 3, is comprised
of two basic sub-networks: a generator consisting of an
encoder and a decoder, together with a discriminator consisting
of an attribute classifier and a real/fake discriminator. We
add Squeeze-and-Excitation block after convolution layers in
generator aims to assign different weights to different feature
maps to help model learn more useful features. U-Net [17]
architecture which has been shown to produce high quality
result in image-to-image translation is used to symmetrically
connect the SE layer in encoder with that in decoder. SE layer
assign different weights to different feature maps, which is
used for image classification and then is proven to be effective
in improving quality of generated images.

A. Adversarial loss

To make fake image indistinguishable from real image, we
constrain generator and discriminator by adversarial loss as
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Fig. 3. Left: over view of the network of proposed WeaGAN which consist of two modules: a generator and a discriminator. Right: SE block

most GAN adopt. G and D represent generator and discrim-
inator respectively. It is known that the training process of
GAN is often unstable, so we use WGAN to replace traditional
adversarial loss and optimize it by WGAN-GP [18]. It is
defined as follow:

Lago = E;(D(2)) — Eq [ D(G(z, ¢))]
~AgpEa [(|Var D(2)||5) = 1)%],
x and c represent input images and target domain code. z’ is

randomly interpolated sampled on the line of true and false
samples, we use Ay, = 10.

ey

B. Domain classification loss

One-hot vector is used to represent image attribute. Given
image X, whose attribute is a and target attribute b, it is
required that the generated image X, is classified to the target
domain b. When optimizing D and G, we impose different
domain classification loss. The former one is defined as:

LZ = ]Ea[_ logC(Xa)]a (2)

The term C(X,) represents the distribution of domain com-
puted by classifier given real data X, and try to fit the real
domain distribution. The later one is defined as:

LZ = Eb[_ log C<G(Xaab))}7 3

Generator try to generate image X which is classified to
target domain b.

C. Content loss

Since the generated image X;,  have reference image Xj,
we add perceptual loss which is a criticism for generator. It
compares the Euclidean distance between the feature maps
extracted from pre-trained VGG19 network of X and Xj.

i) —

T, (Xl @

Lyaa(Xp, Xy) =
¢; represents the j — th layer of VGG19, we use j = 11.

H;,W; are the height and width of feature map. We also
calculate the Manhattan distance of generated image and
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ground-truth image for shaper result, so the content loss is
defined as :

Leon = AZvacLlvaa + || X —

Avge represents hyper-parameter of perceptual loss, we set
0.006 in our experience.

Xully, &)

D. Full object

The object functions to optimize G and D are defined
respectively as:

LD = _Ladv + )\cls_DL£7 (6)
LG = Ladv + )\cls_GL{ + )\conLcona (7)
In our experience, A.s p = 1.0, A¢is_ ¢ = 10, Acon, = 1000.

IV. EXPERIENCE
A. Dataset

In order to get images of the same content under different
weather conditions, we use paired rainy-sunny images(add rain
streak to sunny images by Photoshop) from DID-MDN, then
we adjust the light condition A = 0.89, and the scattering
coefficient 8 = 0.63 of sunny images to synthesis their
corresponding foggy images. Finally, we get 11400 training
images and 600 test images which are scaled to 256 X 256
pixel and composed of three categories[sunny/foggy/rainy] of
average.

B. Qualitative evaluation

To validate the performance of the proposed algorithm, we
evaluate the quality of generated images using two classi-
cal criterions to compare them with corresponding ground-
truth: Point Signal-to-Noise(PSNR) and Structural Similarity
Index(SSIM). Meanwhile, we compare our method (Wea-
GAN and WeaGAN-SE) with PAN, CycleGAN, StarGAN
and AttGAN and all of them are trained on our dataset.
Table I presents the comparison results for different methods
mentioned above. It can be observed that our method can
generate competitive results whose PSNR and SSIM are higher
than StarGAN and AttGAN, although it is lower in some terms
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TABLE 1
QUANTITATIVE RESULTS COMPARISON. F-S: FOGGY IMAGE TO SUNNY IMAGE; R-S: RAINY IMAGE TO SUNNY IMAGE, THE REST CAN BE DEDUCED BY
ANALOGY. RED: HIGHEST AMONG ALL METHODS. BLUE: HIGHEST AMONG METHODS BELONGING TO THE SAME MODEL TYPE.

F-S R-S S-F S-R F-R R-F
ssim | psnr | ssim | psnr | ssim | psnr | ssim | psar | ssim | psnr | ssim | psnr
6 PAN 0.74 | 2336 | 0.62 | 21.64 | 0.84 | 28.84 | 0.42 | 19.60 | 0.40 | 18.91 | 0.78 | 28.84
Models | CycleGAN | 0.89 | 2697 | 0.76 | 2421 | 0.95 | 3291 | 0.58 | 21.64 | 0.53 | 21.32 | 0.89 | 3291
StarGAN 0.77 | 23.53 | 0.65 | 22.47 | 0.79 | 2648 | 0.37 | 19.05 | 0.38 | 19.28 | 0.72 | 26.63
Single AttGAN 0.85 12293 1 079 | 2542 | 0.89 | 28.85 | 0.48 | 21.02 | 0.46 | 20.84 | 0.81 | 27.59
Model Ours 0.95 | 33.57 | 0.83 | 27.83 | 0.89 | 33.00 | 0.50 | 21.86 | 0.50 | 21.91 | 0.83 | 30.63
Ours-SE 095 | 34.08 | 0.84 | 27.84 | 090 | 33.37 | 0.50 | 21.96 | 0.50 | 21.97 | 0.84 | 31.18

Fig. 4. Comparison samples of weather translation. 1, 2, 3 and 4 lines show synthesis images, 5, 6 lines show real world images.

such as S-F compared with CycleGAN but very close and
WeaGAN just need train a model while CycleGAN need train
6 models. Fig. 4 shows generated images comparison results. It
can be seen that our method can generate images with sharper,
detailed and realistic structure.

V. EXTENSION

Considering the weather condition raining and fogging
at the same time, we add an additional category: foggy-
rainy day. Similarly, we adjust the light condition and the
scattering coefficient of rainy images with the same parameter
as that used in sunny images, then we trained these four
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classes[sunny/foggy/rainy/foggy-rainy] in several models for
comparison. Table II shows the quality comparison results
of the translation from foggy to sunny, rainy to sunny and
foggy-rainy to sunny because they are more often used in
practical application. It can be seen that our method has
excellent results in image attribute translations from bad
weather(foggy/rainy/foggy-rainy) to good weather(sunny).

VI. CONCLUSION

In this paper we propose an encoder-decoder based network
using adversarial training process to realize weather translation
of image among multi-domain in a single model. We add SE



2019 6th International Conference on Behavioral, Economic and Socio-Cultural Computing

QUANTITATIVE RESULTS COMPARISON OF IMAGE TRANSLATION FROM BAD WEATHER TO GOOD WEATHER. F+R-S: FOGGY-RAINY IMAGE TO SUNNY

TABLE I

IMAGE; RED: HIGHEST AMONG ALL METHODS.

F-S R-S F+R-S
ssim | psnr ssim psnr ssim | psnr
6 PAN 0.74 | 2336 | 0.62 | 21.64 | 0.62 | 21.53
Models | CycleGAN | 0.89 | 2697 | 0.76 | 24.21 | 0.75 | 23.15
StarGAN 0.74 | 24.69 | 0.62 | 22.96 | 0.65 | 22.04
Single AttGAN 0.85 | 2254 | 0.80 | 25.54 | 0.73 | 18.89
Model Ours-SE 0.96 | 3545 | 0.84 | 28.80 | 0.84 | 28.75

block in generator to enhance generalization ability and adding
perceptual loss calculating distance of features extracted from
pre-trained VGG19 network to get detailed result. Compared
with several state-of-the-art methods, our network is proved
to have superior performance. However, it still suffer from
some defects such as paired training data are demanded. In
the future, we aim to design more robust network which can
handle unpaired images.
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