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ABSTRACT

When dealing with outdoor images in a variety of computer vision applications, the presence of shadow degrades performance.
In order fo understand the information occluded by shadow, it is essential to remove the shadow. To solve this problem, in many
studies, involves a two-step process of shadow detection and removal. However, the field of shadow detection based on CNN has
greatly improved, but the field of shadow removal has been difficult because it needs to be restored after removing the shadow. In
this paper, it is assumed that shadow is defected, and shadow-less image is generated by using original image and shadow mask.
In previous methods, based on CGAN, the image created by the generator was learned from only the aspect of the image patch
in the adversarial leamning through the discriminator. In the contrast, we propose a novel method using a discriminator that judges both
the whole image and the local pafch af the same time. We not only use the residual generatfor to produce high quality images, but
we dlso use joint loss, which combines reconstruction loss and GAN loss for training stability. To evaluate our approach, we used an
ISTD datasets consisting of a single image. The images generafed by our approach show sharp and restored detailed information
compared fo previous methods.

= keyword : Shadow Removal, Generative Adversarial Network, Deep-Leamning

1. Introduction shadows within an image and separates the shadow and

non-shadow region of the original image in pixels. This has

Removing shadows has been considered a challenge in the been considered challenging to classify shadows because

field of computer vision. When there are opaque objects in shadows have various properties. For example, if there is an

the path of sunlight, shadows arise and depend on various object with a black texture in the image, it can be

factors such as the location of the object and the altitude of misclassified as a shadow region. In addition, depending on

the sun. Shadows of various shapes distort two different the degree of occlusion by the object, the brightness of the

objects into a single object or occlude details information of shadows varies such as umbra, penumbra.
the object. Traditional researches, a common approach to
removing shadows consists of detecting shadows and using
the detected mask as a clue to remove shadows.

The field of shadow detection predicts the location of
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(Figure 1) The result of shadow removal using
different discriminator. Left : only local
patch, Right : global & local patch

Shadow removal is also a difficult task because we have
to remove the shadows and restore the color and image

information according to the degree of occlusion.
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Recently, as hardware has evolved, it has become possible
to apply deep learning in many fields. It is also applied to
shadow detection and removal field and has high performance.
Many shadow detection and removal researches can be divided
into CNN(Convolution Neural Network) and GAN (Generative
Adversarial Network). In this paper, we remove the shadow
based on GAN which generates realistic image. Using the
detected shadow mask as a condition, we tried to improve the
shadow region in the original image. However, traditional
U-net based generators have problems such as large size of
model and loss of color information and detailed information.
Also, previous researches have made it difficult to generate
realistic images because the discriminator works adversarial
learning with only local patch information[1][2]. To solve these
problems, We propose a generator network consisting of
encoder, decoder and residual block[3]. We also added extra
layers that extract global context information by using
traditional patch discriminator as shared layers. One is to
understand the whole scene of the generated image, and the
other layer is to understand the details of the image patches
as shown Figure 1. The loss function uses joint loss considering
the stability of training. Weighted MSE loss and GAN loss
improve the realism of fake image[4].

During the training progressed, the shadow was removed
from the original image, and the color and detailed
information of the occluded object were restored. We
evaluated using the publicly available shadow removal
dataset, ISTD[5]. We show the results of the traditional local
patch, global, and ours. When we use both contextual
information simultaneously, the details of the generated
image are restored and show improvement in performance

measurement.

Our contribution in detail is as follows.

*  First, We design a residual based generator optimized to
remove shadows and restore various information.

*  Second, We propose a new discriminator that takes into
account global and local patch information of the
generated image.

* Third, We evaluated the ISTD benchmark dataset and
compared the shadow and non-shadow areas separately.

2. Related work

2.1 Shadow detection
2.1.1 Deep learning based shadow detection

Many researches have been conducted to detect shadow
regions that affect shadow removal quality using global
context information. Zhu et al. [6] proposed CNN of the
bidirectional feature pyramid architecture, They predicts the
map of the state by repeatedly combine and refinement the
context information. Qu et al. [7] detected shadows using a
network that extracts the features of the three contexts of the
image. They use the appearance, semantic, and global
features of the input image to predict the final mask. They
also proposed multi-context detection method. V. Nguyen et
al. [8] adjusted the amount of shadow mask pixels generated
through sensitivity parameters based on CGAN and detected
shadow regions and non-shadow regions with different
weights. They train by manipulating weights on image

patches at various locations.

2.2 Shadow removal
2.2.1 Physical based shadow removal

In the initial shadow removal researches, shadows were
detected and removed using physical features such as color,
illumination, and shape. Guo et al. [9] performed region-
based inference using graph cut method and estimated shaded
area considering surface material properties. The detected
shadow area reconstructs the pixel by the modeled
reconstruction formula. Yang et al. [10] obtained a 2d-intrisic
image by using a color-coded camera without a shadow
detection process, and applied a bilateral filtering method to
remove a shadow by estimating a jointed 3d intrisic image.
Gong et al. [11] is a method to remove shadows by
interpolating and extrapolating input shadow area information
roughly drawn by user interaction. However, traditional
modeled methods have limited ability to remove shadows
when irregular illumination or objects with various colors are
present.
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(Figure 2) Overview of our architecture

2.2.2 Deep learning based shadow removal

Hu et al. [12] used the Euclidean loss function to remove
shadows as well as to detect shadows by formulating weights
according to four directions in the RNN-based spatial
directional module through the attention mechanism based on
CNN. Wang et al. [5] is a multi-task method that detects and
removes shadow in an end-to-end approach. It consists of
two CGANs based on U-net. One network module detects
shadows to predict shadow masks, and the other removes
shadow. Since these methods remove shadow using either
global or local context feature, there is a limitation in
restoring more realistic images.

2.3 Generative Adversarial Network
2.3.1 Adversarial training

The basic GAN consists of a generator that generates an
image and a discriminator that maps to approximate the real
image distribution[13]. The two modules are competitively
trained and consist of a pair. Regarding the commonly
known deceiver and police concept, a deceiver tries to make
a plausible fake money to deceive the police, and the police
try to classify it as truth. By the same concept the generator
acts as a deceiver, the discriminator acts as a police officer,
and the police try to classify it as truth. By the same concept
the generator acts as a deceiver, the discriminator acts as a

police officer, and gives feedback to each other. If training
goes well, gradually the distribution of the fake data
generated by the generator becomes approximate to the
distribution of the real data, making it difficult to distinguish
between real and fake. However, it is difficult to achieve an
optimized result by balancing the competitive learning of the
two modules[14].

2.3.2 Conditional GAN

Mirza et al. [15] proposed a framework for generating
desired data by providing a condition y for each generator
and discriminator in the existing GAN. The form of the
condition y can be a multimodal vector such as a single one
hot vector in MNIST label or a user tag in an image. The
network has three components: an encoder that extracts
feature vectors of the image, a decoder that restores the
compressed vector back to the original image, and an
encoder and skip connection of the corresponding decoder. In
the discriminator, image patchGAN [2] was used to judge
image patch information instead of whole image.

3. Proposed method
The overall flow of the shadow removal network is shown

in Figure 2. Our network consists of two modules, generator
and discriminator based on CGAN which makes the data

el
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generated by the generator similarly to the real data through
adversarial learning. We applied a residual-based generator
and context discriminator. The main contribution of our
proposed method is to make adversarial learning by judging
the fake data generated by the generator through the global
and local context discriminator from the aspect of contexts.

3.1 Network architecture
3.1.1 Adversarial training

As shown in Figure 2, it consists of a generator and a
discriminator. In the generator, it is optimized for shadow
removal by residual based network. The generator consists of
three parts: an encoder, nine residual blocks, and a decoder.
The encoder part consists of four convolution blocks, and
images are down-sampled to extract features. In the first
convolution block, padding - 7x7 convolution - batch-norm
- ReLU, and the others are consists of 3x3 convolution-batch
norm- ReLLU. The central part of the network consists of nine
residual blocks. As shown in Figure 3, the 3x3 convolution
- ReLU - 3x3 convolution block has solved many problems
caused by deepening the layer through the shortcut

connection.

Considering H (x) as a network output, F (x) composed
of convolution blocks approximates subtracting input image
x from H (x). Therefore, it shows excellent results in terms
of speed and performance[3]. In the decoder, the compressed
vector is up-sampled into the original image and is paired
with the encoder part. The first three layers consist of
convTranposed2d - batch_norm - ReLU, and the last layer
consists of ReflectionPad2d - 7x7 convolution - Tanh
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(Figure 4) Global & local patch discriminator

activation function. In the discriminator, we concatenate the
fake image generated in the generator with the original image
or concatenate shadow-less GT image with original image.
After that, input the discriminator alternately to judge the real
or fake. The architecture of the discriminator module is as
shown in Figure 4, in which a structure used in the
traditional patchGAN [2] is used as a shared layer, and a
layer for extracting global context information is added. The
global discriminator judges the entire image through a 4x4
convolution - batch_norm - Fully Connected (FC) beyond the
shared layer. In contrast, the local discriminator uses the 4x4
convolution - batch_norm - 4x4 convolution to apply
the loss objective function in image local patch
information. This discriminator has a problem of
generating a blurry image although the speed is fast
and the size of the model is small.

The proposed method is capable of adversarial learning on
global and patch information, and the image detail and color
information can be restored realistically compared with
traditional methods.
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3.2 Training and implementation

We implemented it based on the deep learning framework
Pytorch, and the gpu used 1080Ti. The loss function is a
joint of reconstruction loss and adversarial loss as shown
Equation 2.

L= \reconstruction+ A,global + Aglocal ()

The reconstruction loss is the L1 loss function between the
generated fake image and the shadow-less GT image, as
shown in Equation 3. This loss function computes the
difference between the predicted image and the GT image in
the model and applies the absolute value to help generate a
plausible fake.

n
‘Lreaonstructian = E ‘ytruc - yprcdiafed' (3)
i=1

In adversarial loss, Binary Cross Entropy loss is used as
an objective function to classify real data and fake data, as
shown Equation 4. x is the original image, and y is the mask

data, which is the conditional data.

L G.D) = E, llogD(x,y)] “

+E,,llog(1= D(z,G(z.y)))]

adversarial (

The parameters are used ;= 0.995, A,= 0.0025, A;=
0.0025, and the learning rate is 0.0002[16]. The optimizer,
which improves learning speed and stability, uses a adam
optimizer for generator and discrimator.

4. Experimental result

In this paper, dataset for shadow removal consists of 1870
triplet shadow images, shadow masks, and shadow-less
images with ISTD[5]. In addition, the training data is 1,330
and is used as 540 test data. The scene in the image consists
of 135 different types of texture with single image.

The training graph based on the joint loss function is
shown in Figure 6. The loss function decreases and the
network is optimized. We performed the test in the LAB

(Figure 5) The result shows the difference according to the discriminator in the same generator.
(a ~ d) is the difference of the restored details information, and (e ~ f) is the difference

in the whole image color.

512 olEfA 35t (0263)
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(Figure 6) Training graph for our method

color space and used the Root Mean Square Error method to
calculate the per pixel error as shown Equation 5.

RMSE=(6,,0,) =

This formula means the difference between the predicted
image and GT image, where n is amount of image pixel.

(Table 1) Performance comparison of Shadow

Removal
Method RMSE

Shadow |Non shadow All
Guo(9) 18.95 7.46 9.3
Yang(10) 19.82 14.82 15.63
Gong(11) 14.98 7.29 8.53
DSC+(12) - - 6.67
Local patch(2) 2.44 3.58 5.15
Ours 2.02 3.62 4.93

In addition to lab color space is known as adevice-
independent color space, so difference between the two
images can be calculated more accurately than in the RGB
color space[17]. We evaluated the performance by dividing
it into shadows, non-shadows and the whole image region,
and the results are shown in Table 1. Especially Compared
with the traditional methods, it showed an improvement over
local patch method [2] based on GAN in the shadow region.
Regarding Figure 5, (a~d) shows the difference in the

information of the restored image according to the
discriminator, and (e~f) also shows the difference in the
whole image color.

5. Conclusion

In this paper, We propose a novel context discriminator
that can simultaneously judges global and local information.
Based on the proposed approach, the shadow is removed
using the detected mask and the original image. Using global
and local patch information together, we can generate a more
natural and improved image than when using only local
patch information. In addition, we used adversarial loss and
reconstruction loss as joint loss for stability in training. Our
method can be used as a preprocessing process in various
computer vision fields and can help interpret natural images
with shadows. In the future, we will extend the end-to-end
method to add an auxiliary model to resolve shadow
detection and removal. In addition, the model is optimized
for real-time processing and is expected to be useful in
various real-time processing fields such as video surveillance

and automobile lane detection.
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