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Abstract 
This material presents the solution for shadow removal task using generative 

adversarial networks. Our approach is trained in unsupervised fashion which means it 

does not depend on time-consuming data collection and annotation. This together 

with training in a single end-to-end framework significantly raises its practical 

relevance. 

Taking the existing method for unsupervised image transfer between different 

domains we researched its applicability to the shadow removal problem. By 

exploiting attention modules and multi context feature aggregation using dilated 

convolutions our method gives significant results compared to existing solutions in 

the field. 

Keywords: generative adversarial networks, unsupervised learning, shadow 

removal, shadow generation, attention module, dilated convolutions.  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Introduction 
Shadow is a common visual phenomenon when the object overlaps illumination 

source. Detected shadows can provide the important clues for better visual scene 

understanding[1,2]. However, they can degrade the performance of algorithms in 

several computer vision spheres as object detection[3], tracking[4] and intrinsic 

image decomposition[5]. Therefore, effective shadow removal could give a 

performance boost for these tasks. 

Previous works can be divided into two groups: classical and deep learning-

based. Classical solutions used user input or hand-crafted features for shadow 

detection[6,7] after which they tried to make the shadow region match the 

background. Meanwhile, deep learning-based approaches use neural networks for 

extracting high level features and background filling. One of the early works[8] used 

three different neural networks operating in different contexts for more quality 

features extraction. Later, Hu et al. [9] explored direction-aware spatial context for 

this task to compensate the lack of data. After that, Wang et al.[10] used adversarial 

learning by stacking two networks together where one is used for shadow detection 

and one for shadow removal. More recently, Ding et al.[11] constructed the 

framework which used attention maps and recurrent learning. Other approach[12] 

argued that earlier works were not directly constructed for shadow removal task and 

proposed the novel architecture with hierarchical features aggregation. 

However, all these methods used the supervised data to train and thus demanded 

the tedious collection and annotation processes. For the similar reason these 

approaches are also constrained with the complexity of the scenes. It is also argued 

that such approach may lead to change in illumination between shadow and shadow-

free images[13]. 

Recently, the unsupervised solution was presented[13] where the problem was 

formulated in unsupervised mapping learning between two domains - shadow and 

shadow-free - using CycleGAN[14] framework. Hence, this approach only demands 

the dataset with shadow/shadow-free pairs of images which are not aligned. The 
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method shows capacity reaching the competitive results with its supervised 

counterparts. 

To the contrary, this approach is not directly designed for shadow removal 

purposes so it has problems with artifacts on generated images and also with complex 

scenes due to binary masks usage. 

The aim of this work is to construct the end-to-end framework for solving the 

shadow removal task in unsupervised manner using generative adversarial networks. 

We will explore how different architectural and training improvements affect the 

generation results both quantitatively and qualitatively. 

The works consists of four sections.  

The first one is analyzing the current state of research together with a problem 

itself. It also provides a brief overview on how others deal with this task from the 

traditional and deep learning-based points.  

The second section describes different components of the solution and discusses 

the related works. Its main aim is to introduce the reader to different concepts and 

uncover the reasoning of how they are connected to the solution.  

Third part describes the particular method together with network architectures 

and specific details on training.  

Last section shows the experimental results and compares the presented solution 

with others in the sphere. Moreover, analysis on the results is also provided. 

Overall, the main tasks are: 

1. Analyze the domain and existing solutions. 

2. Construct an algorithm for unsupervised shadow removal with the use of 

generative adversarial networks. 

3. Provide experimental results and comparison with other methods.  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Main part 
Section 1. Shadows detection and removal analysis 
1.1 Problem analysis and research overview 

Shadows are permanent visual phenomenon which is described with interactions 

among objects and materials. Shadows could both help with scene interpreting or 

confuse it if we ignore them. Shadows detection can help with more accurate object 

localization, elaborating where object touches the surface and also determine object 

shape. They also give important clues about illumination conditions[15] and scene 

geometry[16]. Meanwhile, ignoring the shadows confounds the scene interpretation 

due to spurious edges at the boundaries of the shadows and the confusion between 

shading and albedo.  

Shadow removal is a very challenging task because it is not enough to detect and 

remove the shadow, we also need to fill the background so it looks naturally for both 

human and a computer system.  

Traditionally, this task is solved in a pipeline with a shadow detected first and 

then its region filled. Shadow detection is a complex task due to sophisticated scene 

geometry, illumination and albedo. Thus, it is hard to say from the local perspective if 

the dark surface is shaded or it is an albedo effect(Figure 1.1). So researchers must 

compare the shadow region with the others of the same material by looking at the 

differences in pixels intensity, texture and color. For this task physical models of 

color and illumination are often used[17,18].  

After the shadow is detected we need to somehow use the background to fill the 

shadow region. In some works, this problem was posed as matting problem[6,19,20], 

where they tried to define how much of light is occluded and using this information 

to relight the whole image. 
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Meanwhile, nowadays de-facto standard for those tasks are deep learning-based 

methods. With their ability to extract semantic features from images they outperform 

the traditional algorithms by a significant margin. 

These algorithms solve the task in an end-to-end manner learning the mapping 

between shadow and shadow-free images domains. Qu et al.[8] uses three different 

subnetworks for features extraction from different contexts. They use one global 

network which is a fine-tuned pre-trained VGG16 network[21] which extracts 

features from the initial image. Then, there are two networks to operate in parallel 

given the outputs from global network shallow layers. Each of them is meant to 

adjust the coarse features from the global context to derive more quality result. Their 

results provided the insights on the applicability of neural networks to this problem.  

Other work[9] that is worth mentioning used direction-aware spatial context for 

shadow removal and detection. Their approach is based on the idea that was outlined 

Figure 1.1: Hard to tell where the shadow is from the local 

region perspective. Illustration from [6].
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above that shadow detection should be tackled by comparing the neighboring regions 

of the image. The results of this work shows the capacity of using recurrent modules 

as they give consistent results by adjusting the previous results each time. This is 

important especially for boundaries removal as they might not be successfully tackled 

at once. They also admit that supervised datasets have changes in illuminations and 

color between shadow and shadow-free images that is why they adjusted the loss 

function additionally. We will return to this issue in the next section as it justifies the 

practical value of unsupervised approach.  

The next two approaches are particularly relevant for our own research as soon 

as they use adversarial learning. Wang et al.[10] were first to solve the detection/

removal tasks in a single framework. They stacked two generative adversarial 

networks (GAN)[22] where the first one solved the detection task while the other 

used the shadow matte from the first one and ground-truth image to remove the 

shadow. They showed how Conditional GANs (CGAN)[23] could be effectively used 

for shadow domain and how multi-task approach outperform the preceding ones 

where the problem was divided into parts. However, their method demands the 

dataset of triplets - shadow, shadow binary mask and shadow-free images - which 

significantly complicates and constrains its applicability.  

Meanwhile, next work[11] combined the recurrent modules and adversarial 

learning for more effective training where recurrent training is used for progressive 

attention map updating and improving the generation result. That was a second work 

which successfully used the recurrent learning which may tell us about its potential. 

One of the major contributions of their work provides the framework of using semi-

supervised learning for tackling complex scenes and unannotated images. 

One more work[12] which achieved state-of-the-art argued that previous works’ 

architectures were not correctly constructed to solve the removal task though we have 

already seen that much of research in the field was conducted. They proposed the 

novel architecture which effectively exploits hierarchically connected attention 

mechanisms together with multi context feature aggregation. This method also uses 

synthetic shadow images for complementing the existing datasets and it helps to 

generalize quite well. The key thing about their work is the use of multiple skip 
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connections which together with exponentially growing receptive field helped them 

to outperform previous works by a large margin.  

All the works we have outlined above are solving the problem with supervised 

mapping learning between the domains. Meanwhile, there are few works in the field 

which conducted the research on the use of unsupervised learning. The only research 

paper[14] we have found used adversarial learning with cycle consistency loss for 

unsupervised mapping between domains. This approach is fully based on 

CycleGAN[13] with modifications undertaken to adjust it to shadow domain: first 

CGAN detects and removes the shadow while the other tries to generate it given the 

image and shadow mask as the input. Shadow mask, therefore, is received by running 

the Otsu’s algorithm[24] on the difference between generated and input image. The 

final results are competitive with those outlined above and significantly higher than 

general image-to-image translation with CycleGAN. 

However, this approach is not directly constructed to fit the shadow removal 

task, thus it has problems such as leaving the artifacts on the shadow boundaries and 

using binary masks for detected shadows. One more problem that may have 

consequences in a real-world application is that shadow generator network chooses 

the mask at random, so we could receive the image with inappropriate shadow on it. 

1.2 Problems with current state of research 

To conclude, the works we have outlined in the previous section are not the only 

in the field but seems to be essential to tell about. These methods have one thing in 

common - they are trained in a supervised manner and depend on tediously annotated 

datasets. One should fix the camera and then manually remove/add objects to get a 

pair of shadow and shadow free images. This approach also constrains the number of 

possible scenes to compose. For example, Wang et al.[10] collected the dataset with 

1870 images under 135 scenarios by adding/removing objects like umbrella, tree 

branch etc. For this reason we cannot add the images with big objects like buildings, 

trees or construct the scenes with a complex geometry. This is also an issue in 

dynamic systems where it is hard to obtain the same scene twice as in self-driving 

cars computer vision systems. 



�13

One more thing to add is that such datasets could have the difference in 

luminosity and color between shadow and shadow free images(Figure 1.2). This 

effect was admitted in earlier works[9,14] where this issue was adjusted[9] or used as 

the reason for looking for another method[14]. 

1.3 Conclusion 

In this section we have stated the problem of shadow removal and detection 

tasks, analyzed it and overviewed different computer vision methods to solve it. We 

have divided the previous works into traditional and deep learning-based where the 

latter is widely used now whereas the former conducted the relevant research into it. 

Deep learning methods outperform the traditional ones by a large margin, 

however, at the current state of research, they lack efficient unsupervised solution. 

For that reason, most of community datasets are collected in a supervised manner by 

fixing the camera and adding/removing the objects to obtain a pair of shadow, 

shadow free images. We pointed out how this approach complicates the preprocessing 

phase and constrains the possible number of scenes. Figure 1.2. also illustrates the 

Figure 1.2. Change in the color between shadow and shadow-free images 

comparing non-shadow regions. ISTD[12] dataset.
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issues in color change between the shadow and shadow free images that might 

degrade the performance of corresponding algorithms. 

With that in mind, we showed the need for further research in unsupervised 

solution of this problem which will be covered in more details further. 
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Section 2. Related work 
This section will briefly cover the main components of the solution for better 

understanding of subsequent work and for acquiring the reasoning of the research.  

2.1 Generative adversarial networks (GAN) 

GAN is a framework for estimating the generative models that was firstly 

proposed by Ian J. Goodfellow et al.[22]. It consists of two networks where generator 

network [  captures the data distribution and discriminator network [  estimates the 

probability of the sample came from data distribution. In an initial variant [  took the 

noise vector(usually, from uniform distribution) as the input trying to generate a 

sample that will «trick» the discriminator [ . This framework corresponds to a 

minimax game(two-player non-cooperative game) where [  is maximizing the 

probability of [  making mistake(see Figure 2.1 for illustration). To bring it formal we 

can consider such minimax game in which we should optimize a following loss 

function: 

[   (2.1) 

where [  is real data distribution over sample [  while [  is a noise distribution 

over noise [ . 

This work provoked a significant amount of research due to its capacity to 

generate high-quality samples. It was further improved by introducing Conditional 

GAN[23] which uses the label information to present the multi-modal solution. Thus, 

researcher can tune what kind of sample the network should generate.  

CGANs were successfully used in learning the mappings between the domains, 

for example pix2pix[25] approach can handle multiple vision tasks as day to night, 

summer to winter or aerial to map in a single framework by introducing the pairs of 

images from each domain. However, it cannot handle the domains with no one-to-one 

mappings as for style transfer etc. 

G D

G

D

G

D

min
G

max
D

L(D, G) = Ex∼pr(x)[logD(x)] + Ez∼pz(z)[1 − logD(G(z))]

pr x pz

z
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Hence, for unsupervised domain mapping CycleGAN[13] was firstly proposed 

by using the cycle consistency loss between domains. Still, it suffered from mode 

collapse generating one sample for different inputs. For that reason there was a 

research conducted[31,32] to extend the initial solution to cope with the «many-to-

many» mapping with the use of latent variables. 

There has been a significant amount of work done and now GANs can generate 

high-quality images that are hardly distinguishable from the real ones. They are 

particularly good at face generation[26,27], style transfer[13,28], inpainting[29,30], 

domain transfer/adaptation[13, 31, 32] and are also used for shadow removal/

detection[10,11]. 

One more thing to cover is how GANs are trained and what challenges one may 

encounter doing it. GANs’ training requires finding a Nash equilibrium in a high-

dimensional parameter space(so that [  assigns equal probabilities to generated and 

real samples). GANs are typically trained with gradient descent which is not directly 

constructed for finding a Nash equilibrium, that is why they frequently suffer from 

stability issues and non-convergence[33]. For that reason researchers use dozens of 

D

Figure 2.1: Illustration of GAN working process[39].
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heuristics and architectural improvements to stabilize the training and solve the 

problems with non-convergence[34,35,36,37,40]. These works and heuristics are 

aggregated[38] so one could reference it when tackling a problem. 

2.2 Unsupervised domain adaptation 

Domain adaptation is a field of machine learning where we are learning the 

mapping between source and target distributions. We will consider a deep domain 

adaptation with the use of adversarial training because this approach is of particular 

interest to current work. 

This method is learning from unpaired data so one can collect a reasonable 

amount of images for each domain and the algorithm would learn the underlying 

mapping between them. The idea behind that was firstly formulated in CycleGAN 

work[13]. Our goal is to learn the mapping [  between source [  and target [  

domains: [  with the use of adversarial learning (2.1). However, such 

mapping is highly under-constrained so they proposed to learn an inverse mapping 

[  and to add a cycle consistency loss: 

[   (2.2) 

For each image [  from domain [  we want to bring it back using the inverse 

mapping: [ . That is called a forward cycle consistency, the 

same situation is for a target domain: [  which is called a 

backward cycle consistency(see Figure 2.2).  

 It is argued that adversarial loss alone cannot map the individual input to a 

desired output. For that reason cycle consistency is intended to further reduce the 

possible mapping functions and is a key component for this framework. 

However, such architecture is vulnerable to mode collapse when the generator 

cannot represent complex real-world distribution and get stuck in a low variable 

space. It also learns the one-to-one mapping, so the network will generate the only 

sample for each input image that may constrain variable mappings like style transfer. 

G X Y

G : X → Y

F : Y → X

Lcyc(G, F ) = Ex∼pr(x)[∥F(G(x)) − x∥1] + Ey∼pr(y)[∥G(F(y)) − y∥1]

x X

x → G(x) → F(G(x)) ≈ x

y → F(y) → G(F(y)) ≈ y
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There are solutions[31,32] which extend CycleGAN to many-to-many mapping by 

projecting on latent variables, but for shadow removal the base approach fits just fine. 

This approach proved to be a successful solution for the domains with the 

tractable mappings. While the existing methods for unsupervised image-to-

image[41,42] are domain specific with explicit distance metrics, CycleGAN is a 

general-use framework. This together with existing application of 

MaskShadowGAN[14] are the main reasons why we decided to use this framework.  

2.3 Dilated convolutions 

Dilated convolution was firstly proposed for the use in wavelet decomposition 

algorithm[44], then it was used for multi-scale context aggregation[43] to compose a 

more appropriate architecture for dense prediction. 

Dilated convolution operator is a more general concept than a discrete 

convolution. If we bring it formal, let [  be a discrete function. 

[  and [  is a discrete filter of size [ . Then 

discrete convolution operator is defined as: 

[ .  (2.3) 

F : ℤ2 − > ℝ

Ωr = [−r, r]2 ∩ ℤ2 k : Ωr → ℝ (2r + 1)2

(F * k)(p) = ∑
s+t=p

F(s)k(t)

Figure 2.2: We can see the mapping between functions where Dx and Dy are 

corresponding discriminator networks (a). (b) and (c) are forward and backward 

cycle consistency correspondingly[13].
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While the dilated convolution is defined as follows: 

[ .  (2.4) 

We can see that discrete convolution is simply an 1-dilated convolution. Dilated 

convolutions support an exponential growth of receptive field with no loss in 

resolution or coverage. It was firstly proposed as the substitution for pyramidal 

networks for dense prediction task(i.e. segmentation)[43]. 

Informally, dilated convolutions are inflating the kernel by inserting zero-values 

between its elements(Figure 2.3). Usually, [ -dilated convolution means that there are 

[  spaces between kernel elements. That is why 1-dilated convolution means a 

regular discrete convolution (2.3). Dilated convolutions are generally used for 

increasing the receptive field «cheaply»(number of parameters grows linearly while 

receptive field - exponentially, see Figure 2.4). We argue that dilated convolutions are 

also well suited for shadow removal task because we need to estimate the non-

shadow background that is usually the major part of the image. 

For that reason we divided our bottleneck layer into two parts where the first one 

is operating on the local level with small receptive field — presumably for shadow 

detection — while the other one is used for exponential receptive field growth(by 

using linearly growing dilation factors) to estimate the background and fill the 

detected shadow region in a more efficient way. 

Our assumption is also reinforced by the fact that dilated convolutions are 

actively used for image inpainting task[30], where one needs to restore the deleted 

patch of the image using the remaining part. These two tasks seem to have much in 

common and this is a reasonable factor to consider. 

Moreover, state-of-the-art work[12] in shadow removal uses the dilated 

convolutions inside with «extreme» receptive field growth. Together with multiple 

skip connections their approach reaches high qualitative level of generated images. 

(F *l k)(p) = ∑
s+lt=p

F(s)k(t)

l

l − 1
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2.4 Attention models 

Attention mechanisms are now used in most of deep learning architectures, 

especially in natural language processing[46,47]. They are particularly useful for 

models which must capture the global context. We want to present a self-attention 

mechanism as the relevant example of attention models and the one which is used in 

GANs[37]. Self-attention helps with estimating the internal model states and in the 

context of GANs can help to efficiently learn the global, long-range 

dependencies[37]. There are also many different applications of it reaching state-of-

the-art results[48,49,50].  

Self-attention[37] is consisted of three layers operating in parallel and 

aggregating the results with the use of softmax function. This approach, involving 

Figure 2.3: Convolving a 3x3 kernel over a 7x7 input with a dilation factor of 

2[45].

Figure 2.4: Sequential dilated convolutions and the corresponding receptive 

field growth given the same number of parameters. 

l=1(left), l=2(middle), l=4(right)[43]
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both discriminator and generator networks, helps to efficiently model the 

relationships between widely separated regions. 

Another method[51] is directly linked to our work constructing a framework for 

unsupervised domain adaptation with cycle consistency and Class Activation 

Maps(CAM)[52]. The CAM uses the global pooling in CNN to obtain the 

discriminative features for different classes. In the context of domain adaptation it is 

used to distinguish two domains by weighting the specific channels of the image 

features inside the network. The CAM weights are directly optimized to distinguish 

images from each domain and are integrated into both generator and discriminator 

networks[51].  

In our work we tried both self-attention[37] and CAM[52] where the latter gave 

more flexibility and is a more natural to use in the context of unsupervised domain 

adaptation. This approach is meant to complement the binary mask and to help with 

shadow detection for more complex scenes. The main problem with binary masks is 

the binary component because the shadow intensity is not uniform and tends to 

decline near the boundaries while increasing at the intersection of multiple shadows. 

We tested many hypothesis about the specific location this module should be 

integrated, which weight to assign and also researched how the learned attention map 

might be transferred between networks.  The training process also should be tuned to 

troubleshoot the issues with stability and non-convergence problem.  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Section 3. Method 
This section will formally present the method for shadow removal task, network 

architectures and specific practical tricks for training and tackling the corresponding 

instability and non-convergence issues. We divide training into two parts: one to learn 

from shadow images(Section 3.1) and one to learn from shadow-free ones(Section 

3.2). 

3.1 Learning from shadow images 

3.1.1 Adversarial learning 

Let [  be an image from shadow [  domain. We use a generator network [   to 

translate an image to shadow-free [   domain and obtain [  . [  network also 

includes an auxiliary classifier [ , where [  represents the probability of [  taken 

from shadow domain[51] (see Section 3.1.2 for more details). 

Then, we use the corresponding discriminator [  to discriminate whether the 

data comes from [   or [ . This network also consists the  auxiliary classifier 

[  that is aimed to solve the same task as the discriminator itself. We should also 

notice that Least Squares GAN[36] objectives are used for more stable training, thus 

the adversarial loss will look like this: 

[   (3.1) 

3.1.2 CAM attention 

Auxiliary classifier [  is used in [  to distinguish between domains and is 

inspired by CAM[52] that is described in Section 2.4. 

Let [  be a k-th feature map of [  output from [ -th layer.  Then, [  is the 

value at [  position and we want to learn the importance weights for each feature 

map by using the global pooling layers(i.e. average, max). Thus, we obtain:  

Is Xs Gs→f

Xf Ĩf Gs→f

ηs ηs(x) x

Df

Xf Gs→f (Xs)

ηDf

Ls
GAN = Ex∼Xf

[(Df (x))2] + Ex∼Xs
[(1 − Df (Gs→f (x)))2]

ηs Gs→f

Ck
s Gl

s→f l Ckij
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[   (3.2) 

where [  is a number of feature maps and [  is an importance weight for the [ -th 

feature map.  

We are learning those weights from:  

[   (3.3) 

Formula 3.3 is an example of the global average pooling, but one have to test 

different pooling layers for their own task. 

To make [  distinguish between domains the corresponding cross-entropy loss is 

optimized: 

[   (3.4) 

Then, [  (3.2) is transferred as the input to the following layer of the network 

and the learning continues.  

Attention [  is aggregated to be transferred as attention map [  to [ : 

[   (3.5) 

where we sum the values over the channels [ . 

Auxiliary classifier [  is also integrated in [  to decide whether the data comes 

from [   or [ : 

[   (3.6) 
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3.1.3 Cycle consistency and identity loss 

If we only use adversarial loss (3.1) for learning then the mapping is highly 

under-constrained. That is why we present the inverse transformation [  to 

transform the images back and encourage the contents to be the same.  

As we outlined above generator network [  additionally takes attention map 

[ (3.5) and generated mask [ [14] as the input(concatenating to the image as 

additional channels). To preserve the consistency between the generated shadow 

image and the original one we take the same attention map and shadow mask 

extracted from shadow removal generator [  . This allows to produce multiple 

shadow images from one shadow-free raising the generalization capacity. Shadow 

mask is a binary map where -1 indicates non-shadow region while 1 — the shadow 

region. Attention map is also normalized to [  and is used for complementing the 

shadow mask. 

Then, we formulate following cycle-consistency loss: 

[   (3.7) 

We are using an L1 norm as it is stated[25] to be efficient in comparing the low 

frequency signals in images. 

However, using only adversarial and cycle-consistency losses gives the 

generators freedom to change colors on images without being penalized. That is why 

researches in original work[13] introduced an identity loss to regularize the 

generators to be near an identity mapping when the inputs from target domain are 

provided. Furthermore, this approach allows our solution to remove/generate 

shadows only when the image from proper domain is given:  

[   (3.8) 
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where [  are constructed only from -1(non-shadow) which penalizes the 

network for generating the shadows on images where the shadow is already 

presented. 

3.2 Learning from non-shadow images 

Given the generator network [  described above and also attention map [  

(3.5) together with shadow mask [  we can define corresponding losses for inverse 

transformation. We have the same adversarial loss where generator is maximizing the 

probability of discriminator to make mistake:  

[   (3.9) 

However, we do not integrate the CAM module into the inverse transformation 

networks due to stability issues and because this approach gives better results in 

experiments.  

The cycle-consistency constraint also stays the same: we generate shadow image 

from shadow-free [  and then using [  to restore the image back and optimize the 

networks:  

[   (3.10) 

Finally, we adopt the [  to produce shadow free image given the real shadow 

free image from [ . That means that we encourage the network to not remove 

anything if there is nothing to remove. 

[   (3.11) 
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3.3 Maps generation 

3.3.1 Shadow mask generation 

Our generator [  uses the shadow mask as the input, so we can condition 

network with it and generate multiple shadows from one shadow-free image. We 

follow the same approach as [14] and construct the threshold binarizer [  between 

generated shadow free image [  and original image [ : 

[   (3.12) 

Thus, when we obtain a pair of images we compute the difference [  and 

compute the threshold to assign the values greater that it as 1 and those less - with -1. 

The threshold is computed using Otsu’s[24] algorithm which separates the shadow 

from non-shadow regions by maximizing the intra-class variance. 

During the training process we add those masks to the Queue and save last 

shadow masks to input them to generator network. Hence, to get a mask we select 

random sample and pushing the new ones by replacing the older ones. This approach 

helps to reduce the model oscillation while making more diverse results. 

3.3.2 Attention map generation 

As was described above in Section 3.1.2, attention map [  is received from 

auxiliary classifier [  by applying the pooling operation to feature maps. In our 

approach we are using average(GAP) together with max pooling(GMP) layers to get 

the complete picture. GAP is able to find all discriminative regions on the image 

while GMP is encouraged to find only one[52]. So we decided to combine the best 

from two worlds by applying both GAP and GMP and concatenating the 

corresponding results. 

So, additionally to (3.3) we have: 

[   (3.13) 
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After that we concatenate the outputs of [  and [  and feed them to [  

convolutional layer with the following ReLU non-linearity to restore the input 

dimensions due to channel axis concatenation.  

The output from these operation is followed by aggregation (3.5) to obtain an 

attention map [  which we additionally scale to [  range for invariance.  

During the training process those maps are generated for each shadow image in 

the same way as binary shadow masks. They are also added to the Queue data 

structure and are saved there in pair with the corresponding masks.  

3.4 Losses 

To conclude, we present the final loss function which is a weighted sum of 

adversarial, CAM, cycle-consistency and identity losses outlined above in both 

architectures: 

[   (3.14)   

where [ . 

3.5 Network architecture 

The following subsection will present each network in separate. For schematic 

illustration one can refer to Figure 3.1. 

3.5.1 Shadow removal generator network  

We want to first discuss how the generator network is constructed. The 

architecture is following a Johnson et al.[53] and reminds the encoder-decoder 

architecture without skip-connections. Encoder is constructed from two downsample 

convolutional layers, it is important that there are no pooling layers and 

downsampling is implemented using convolutions with stride 2.  

ηs ηm 1x1

As [−1,1]

min
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max
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= λadv(Ls
GAN + Lf

GAN) + λcam(Ls→f
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idt + Ls
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Then, we have a bottleneck layer where most of work takes place. It includes 

nine residual blocks with linear dilation growth starting from the sixth layer. Dilation 

factors should be tuned depending on the receptive field size. In our experiments, we 

have made an assumption that the first part of the network would extract the shadow 

region operating on the local level while the second part will be responsible for filling 

this region, thus it will need a background information. For that reason we added 

receptive field growth at the end but in the way it does not exceed the input image 

size.  

Bottleneck layer also integrates an attention CAM module that we described 

above. We inserted it before the receptive field growth(i.e. shadow removal process 

takes place) so it would help to localize the shadow in a more efficient way.  

Finally, decoder is here to restore the image back to initial size by the use of 

transposed convolutions, it is important that network is learning to make the 

downsample and upsample operations itself(see Figure 3.1(a)) 

3.5.2 Shadow free discriminator 

We will remind that discriminator [  network is used for discriminating the real 

shadow free images from those generated. Architecture for it is following the idea of 

PatchGAN[25] where the network is not looking at the whole image but on 

patches(usually, 70x70) of it deciding whether the patch is real or not. We 

additionally complemented it with CAM attention module which is trained to solve 

the same task as the discriminator itself. CAM attention is operating before the final 

layer. Discriminators are not using dilated convolutions(see Figure 3.1(b)) 

3.5.3 Shadow generator network 

This network is also following the Johnson et al.[53] architecture and has dilated 

convolutions in it which may help in shadow generation, however we have not seen 

any difference in experiments. We did not use an attention module here because it 

exposes an unstable training. 

Generator uses shadow free image together with attention map and shadow 

mask(binary map) where three of them are concatenated by channel axis. Attention 

and mask are scaled to [  to improve invariance.  

Df

[−1,1]
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3.5.4 Shadow discriminator 

Discriminator [  is also a PatchGAN with 70x70 patches with no attention 

module in it.  

3.6 Training strategy 

We used ReLU non-linearity and reflection padding for generator networks. 

Discriminators exploited LeakyReLU with 0.2 slope as activation function. Instance 

normalization(IN) is utilized for all networks just after the convolutional layer. The 

exceptions are input and output layers where we want to encourage the networks to 

learn the normalization by themselves. We are adding Tanh function in generator 

network to output the values from [  range. 

All networks are using spectral normalization[54] as this proved to improve 

GAN learning. It constrains the Lipschitz constant by restricting the spectral norm of 

each layer. We added spectral normalization also to the generator network because it 

is argued to reduce the computational cost of training[37]. 

As soon as spectral normalization is regularizing learning and, thus, makes it 

slower the TTUR[55] is utilized. We also have used different heuristics to stabilize 

training by smoothing the target label from 1 to 0.9[34] and dividing the 

discriminator loss by 2 to further address slow learning. Moreover, we are updating 

the discriminator with the history of previously generated samples as it is stated to 

reduce the model oscillations[13]. The same approach is used for shadow mask, 

attention pairs which are added to a separate Queue. 

All the parameters are initialized using zero-centered Gaussian distribution with 

0.02 standard deviat ion. Adam[56] is used for optimization with 

[ . Learning rates are set as [  for generator and [  for 

discriminator network according to TTUR. 

All the parameters are updated on 1 mini-batch and the whole training takes 200 

epochs. Learning rates are linearly decaying after 100th epoch.  

For data augmentation, we resize the images to [  cropping them 

randomly to be [  and flipping them horizontally with 0.5 probability. The 

method is implemented using PyTorch framework.  

Ds

[−1,1]

β1 = 0.5, β2 = 0.999 r = 1−4 r = 4−4

286x286

256x256
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Figure 3.1. Schematic illustration of shadow r e m o v a l 

network (a) and shadow free discriminator (b). The opposite networks are 

implemented in the same way except the corresponding CAM attention module.

(a) (b)
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Section 4 Experiments 
4.1 Evaluation 

Dataset. There are many community datasets for shadow detection and 

removal. Mostly, they are supervised and not large enough for deep learning solution 

but there are some which fits just well: ISTD[10], SRD[8]. There is also an unpaired 

one where more complex scenes are presented USR[14].  

In our experiments we only use ISTD dataset for evaluation clarity because it 

has ground truth shadow free images as well as shadow masks. We does not correct 

our evaluation method to cover the issues with illumination and color change 

between shadow and shadow free images. In future, we will extend our solution to 

USR dataset as being more appropriate to our solution. 

Metrics. In our evaluations we aim to estimate how good our network is in 

removing the shadows as well as detecting them. We are also concerned about the 

global image consistency. That is why we present three metrics.  

For shadow removal we follow recent works [8,9,14] and use RMSE(Root Mean 

Squared Error) between generated and real shadow free images in LAB color space. 

Evaluation is divided into region and global where the former is applied to shadow 

regions while the latter to the whole images. In general, lower RMSE score tells 

about better results. 

Shadow detection is evaluated with the use of IOU(Intersection over Union), 

also known as the Jaccard index, which is a widely used metric for image 

segmentation and object detection tasks. It is computed between the generated and 

ground-truth binary shadow masks by dividing the area of overlap by the union of 

those two. Greater IOU indicates better shadow detection.  

4.2 Experimental results 

Our method is trained on supervised dataset that is why the unpaired strategy is 

used: the first one is sampled from shadow domain while the second one is randomly 

chosen from the shadow free. We also selected random 100 images for validation 

purposes. During the experiments multiple hypothesis were tested and the most 
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successful of them are shown in Table 4.1. Other solutions from the field except the 

MaskShadowGAN[14] are not included but would be tested in the future. 

As soon as we added two components to this work we wanted to test how they 

affect the generation quality. 

We saw that method with dilated convolutions stays on roughly the same level 

as the one without them. However, we decided to take the one with dilated 

convolution as we expected it may improve the results after the attention would be 

added.  

The majority of tests we conducted were about how to use an attention module 

and where to localize it. At first, we have added the attention to all networks 

following the original approach[51]. The results improved drastically given by RMSE 

score in both global and local contexts. However, IOU showed lower results for the 

reason we will go into details below. Adding attention module presented new 

instability issues while converging faster. We also encountered with messy outputs 

compared to initial methods  

where the shadow removal generator not only identified the shadow but the 

background behind it. Thus, it could be seen that shadow detection quality decreased 

significantly indicated by lower IOU. 

For these reasons, we removed an attention module from [  and [  which 

helped to suppress the instability but still it was a way higher than solutions without 

attention. The qualitative results improved a little but still there was a problem with 

over-detection.  

Hence, the next solution added an attention map transfer from shadow removal 

generator to the input of the opposite one. We aimed to complement the binary mask 

with an attention map to make the learning more consistent. As the result, it reduced 

the model oscillations and raised the generated samples quality. However the shadow 

detection performance declined even more. 

Attention map transfer showed the capacity to improve the results that is why 

we researched other ways to share this information with shadow generator network. 

For instance, shadow mask [  was removed from the input of [  so the network 

Gf→s Ds

Ms Gf→s
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should have used the information from attention map [  only. This resulted in again 

messy results with roughly the same metric values. 

Rather than integrating the attention information to the input of the network, we 

researched the ways to insert it inside. After solid amount of experimenting we came 

up with transferring the CAM weights directly to rebalance the corresponding feature 

maps in [ . This improved the shadow removal performance, however increased 

the problem with over-detection.  

4.3 Analysis and future work 

Given the results in the Table 4.1 and the experiments provided in the previous 

section one could see a strong evidence that there is a trade-off between shadow 

removal and detection performances. Initial solutions do not use the attention map 

having the stable performance coupled with higher shadow detection quality, 

however they struggle to use the background information efficiently to fill up the 

As

Gf→s

Table 4.1: Quantitative comparison of algorithms. Global RMSE tells the 

quality of shadow removal coupled with background restoration. Shadow region 

RMSE directly estimates the removal comparing shadow regions. IOU is aimed to 

evaluate the shadow detection quality comparing with ground-truth shadow mask. 

All scores are evaluated after the models are trained on validation set of images.

Methods Global RMSE Shadow 
region RMSE IOU

MaskShadowGAN[14] with our 
training strategy 3.0099 23.6703 80.0894

3.1253 26.9753 75.5382

2.3902 15.0150 73.8277

2.3139 15.7047 71.1142

2.3261 15.5398 70.3951

2.2436 15.6087 70.7965+CAM weights from �  to �Gs→f Gf→s

+�  with no �  to (*)As Ms

+CAM attention in �  and �  
giving �  as input to �  (*)

Gs→f Df

As Ds

+CAM attention in all �  and �G D

+dilation in �  and �Gs→f Gf→s
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removed regions. For that reason they expose worse shadow removal quality. On the 

other hand, we have multiple solutions with attention showing much better shadow 

removal results while over-detecting the shadows. This leads to corrupting the 

generated samples which is particularly undesirable behavior in this task(see Figure 

4.1 and 4.2 for details). 

That is why in future work we are to modify the current dilated-attention 

architecture by complementing it with skip-connections[57], adaptive 

normalization[26,27,58] and style losses[28]. These all proved to be successful in the 

context of generative methods. At first, skip connections may help to solve the 

problem with messy results that might have been due to signal vanishing in the 

bottleneck layer. This could be a crucial point because latter layers(responsible for 

shadow removal) will use the information from the earlier ones(where the shadow is 

detected) in a more efficient way. This was proved to be the case in shadow removal 

too[12].  

In our case the robust network architecture[53] was used as the backbone but we 

modified it adding the dilated convolutions and by rebalancing the inner features, this 

may have led to a faulty normalization that is relevant component for GANs.  

Thus, by presenting the Adaptive normalization[58] we could end up with a 

more robust learning. 

Last but not least, style losses[28] and style-generators[26,27] proved to be very 

successful for variety of applications. For that reason, we could try to use them for 

shadow removal problem, for instance, to encourage the networks to save the global 

context on the generated samples.  



�35

 

Figure 4.1. The qualitative comparison of results. Initial indicates solution 

without attention and multi context aggregation. CAM attention is our final 

solution.

Figure 4.2. Comparison of shadow masks between our method (CAM method) 

and the one without attention and multi context aggregation(Initial method).
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Conclusions 
This work presented a solution to unsupervised shadow removal problem with 

the use of generative adversarial networks with attention modules and multi context 

aggregation. Our network produces better results compared to the existing approach 

in the field. Analysis showed that attention maps obtained from auxiliary classifier 

encourage the networks to concentrate on more distinctive regions between domains. 

However, GANs demand more accurate and consistent architecture to solve the 

problem in a more efficient way. We have also showed how attention modules can 

improve the quality of shadow removal while introducing the problems with the 

shadow over-detection. 

For that reason we will research further to address the problem of more 

consistent architecture in the future work. 
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