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Abstract—An increasing number of institutions are converting 

from traditional verification to online digital verification of user 

documents. In Sri Lanka, this requires clean digital images of 

documents such as the National Identity Card (NIC), driver’s 

license etc. which often have background textures and reflective 

surfaces. Due to human error, uneven natural light and 

reflectance properties, such document images contain cast 

shadows which pose a difficulty to further processing. The NIC 

dataset itself is unique in nature. It has some properties unique 

to a document image, i.e., dark letters on a light background, 

and some properties unique to a natural image, i.e., background 

object textures. Therefore, the target domain or nature of 

dataset itself is a novelty. For such domain, we propose a shadow 

removal mechanism based on Dual Hierarchical Aggregation 

Network (DHAN) and VGG-19 (Convolutional network by 

Visual Geometry Group) object detection deep learning model. 

Since previous research is not already done on this specific 

target area, we do not have a direct benchmark to compare our 

proposed methodology. Hence, we have experimented our 

dataset with already existing state of the art models in both 

shadow removal for document images and shadow removal for 

natural images. Our proposed model reflects the typical 

backbone architecture for shadow removal models for natural 

images when removing shadows while preserving background 

textures. Our architecture can be directly utilised or added to 

an already-existing image processing pipeline. Although our 

target domain is relatively new, for comparison purpose we 

went comparing our model with a close relative which is shadow 

removal on natural images.  Our architecture results in an 

overall quality improvement of 12% and 63% improvement in 

output resolution when compared with the state-of-the-art 

architecture in shadow removal for natural images. 

I. INTRODUCTION 

With the advent of digital technologies, more application 
and onboarding processes have gone online. E-governance 
and e-commerce have been implemented widely in developed 
nations. On the other hand, the COVID pandemic has resulted 
in developing nations speedily adopting more online 
processes. Many e-governance applications such as birth 
certificates, processing of pay checks, vaccinations, 
provisioning of judicial services, conducting exams etc. and 
corporate onboarding processes such as partner registration, 
contract management, human resource management, 
employee provident fund management, etc. require digital 
copies of certifications to be submitted via online methods. 
Early approaches adopted manual verification of such 
certifications. However, technological growth in image 
processing, optical character recognition and deep learning 
have fuelled the development of automated document 
processing.  

Automated document processing poses several 
challenges, such as handling non-uniform lighting, uneven 
illumination, glare, skew, cast shadows and background 

removal. These are further exacerbated in images captured 
using handheld cameras, especially smartphones. Shadow 
removal is one of the main key challenges for a document 
processing system.  

The shadows on digital images occur due to the light 
source occluded by an object when the image is recorded on 
the camera sensor [4][7]. As a result, the region of the 
document within shadow area is relatively less illuminated 
compared to the rest of the image [7]. This, coupled with the 
observation that most documents have text printed in black, 
further complicates artificial shadow removal and image 
restoration [4][7]. 

There are two distinct types of shadows: vague shadow 
and hard shadow [4]. A vague shadow gradually changes its 
intensity across the shadow region and has no clear 
boundaries, i.e., there is no visible distinction between the 
shadow border and the rest of the illuminated area in the 
image. It is extremely difficult to clearly differentiate between 
shadow and non-shadow area for such images even for a 
human. Hard shadows on the other hand are the exact opposite 
with very clear boundaries and constant intensity throughout 
the shadow area. In hard shadows, the darkest part is called 
the umbra. The lighter boundary that differentiates the highly 
illuminated area from the umbra is called the penumbra [4]. 
The clear distinction between the umbra and penumbra makes 
it easy for image processing applications to work on 
eliminating these shadows. 

To demonstrate the impact of shadows on document 
processing systems, we conducted an experiment on text 
extraction using Google Cloud Vision (We chose Cloud 
Vision since it is most suitable to our use case as opposed to 
other open-source methodologies) [1]. The image sample 
dataset has two identical sets of ten images, one with shadows 
and the other without shadows. The Optical Character 
Recognition (OCR) Application Programming Interface 
(API), recognised on average 56.3 words on the image set 
without shadows and 45.9 words on image set with shadows. 
Therefore, it is evident that evenly lit images have better 
recognition capability compared to unevenly lit images. 
Hence, removing shadows from documents not only helps 
generate clear and easy to read text, but also enhances 
document binarization and text recognition tasks. 

Previous works on shadow removal [1][15][22] can be 
broadly categorised into two types: shadow removal for 
document images and shadow removal for natural images. For 
document image-based shadow removal, it is expected that the 
image has a plain background. Previous research assumed the 
image had a white or (any other light colour) background and 
the letters were in black (or dark) shades. The algorithms 
proposed by such research could not tolerate any extensive 
shapes, lines, or textures in the background.  



 

 

On the other hand, shadow removal mechanisms for 
natural images works well in the presence of shapes and 
objects in the image. However, such algorithms have two 
limitations when directly applied for document images with 
textured backgrounds. Firstly, it does not differentiate 
between a letter and another texture or line. It treats both as 
the same and sometimes the letter itself is identified as part of 
the shadow region (because it is dark in colour) and removed. 
Secondly, these types of algorithms often require significant 
computational processing power. A normal work machine can 
only handle images of very low resolution, while image 
recognition systems on the other hand require high quality 
images to work well. Hence, it is preferable for such a pre-
processing algorithm to output a reasonably high-resolution 
image. 

To best of our knowledge, we did not encounter any 
previous attempts to remove shadows for documents with 
background textures and reflective surface. There are some 
important certifications which comprise the background, 
specifically State-issued identity cards and driving licenses 
falls under this category. The Sri Lankan National Identity 
Card, Sri Lankan driving license, Indian Aadhaar card, Sri 
Lankan passports etc. are some documents with textured 
background. These are usually printed on plastic or printed on 
cardboard and later laminated. Therefore, most of these 
documents have a degree of reflectance and a noticeable 
background. 

Our research specifically focuses on removing shadows 
from Sri Lankan National Identity Card (NIC) images taken 
using handheld devices. The most used form of NIC is 
laminated, has a textured background and the foreground 
letters are handwritten using black ink. Other forms include 
the same NIC with typed letters instead of being handwritten 
and modern NICs are made of plastic cards with printed 
letters. However, the colour, texture and reflectance are 
constant, irrespective of the classifications. We have selected 
digital images of NICs with hard shadows taken with smart 
phones or any other handheld devices as our target dataset and 
intend to remove effects of shadows with the intention of 
making them more appealing to OCR applications. 

The NIC dataset, which is the target for this research, is of 
a peculiar nature. It has characteristics of both a natural image 
and a document image. It has dark letters, like a document 
image, but it has a textured background, just like a natural 
image. However, the texture is uniform and less disturbing, 
which is unlike any natural images. Therefore, it is sufficient 
to say that this dataset is unique, unlike any other datasets 
utilised by previous shadow removal research papers where 
they either deal with document images [1][8] or natural 
images [15][22]. No research has been done yet on removing 
shadows for images with textured backgrounds. Hence our 
problem itself is novel. 

During our preliminary experiments, we discovered that 
natural image shadow removal mechanisms apply better for 
our use case (see section. vii). However, the NIC dataset does 
not require the level of attention to detail provided by natural 
image shadow removal algorithms. We needed a mechanism 
featuring the advantages of document and natural shadow 
removal mechanisms, with minimal side effects. 

We propose a novel architecture that can remove shadows 
without exposing heavy details of the background. We passed 
the image first through a Dual Hierarchical feature layer 

Aggregation Network (DHAN) and then into the Spatial 
Pooling Pyramid (SPP) and obtained a shadow free image and 
shadow mask. We then passed both resulting images into the 
pre-trained VGG-19 model [2] (VGG-19 is a very deep 
convolutional network by Visual Geometry Group) and 
obtained separate feature maps. Now by subtracting one 
feature map from the other, and then reducing, we can obtain 
a loss value (perception loss). This loss is then added to the 
already-existing losses and ultimately used in the 
discriminator. The weighted perception loss preserves the 
texture in the image and at the same time removes the need for 
an object classifier during actual execution. 

II. LITERATURE REVIEW 

As stated previously (see section. i), already available 
works on shadow removal can be broadly categorised into two 
types: shadow removal for document images and shadow 
removal for natural images. The detail of each methodology is 
given in a chronological order in this section. Shadow removal 
on natural images took a turn with a novelty approach by Xu 
et al. [11] in 2006. Their methodology assumes the two types 
of shadows (hard and vague) are independent of each other 
and uses the altering RGB colour properties to remove 
shadows in a single image. In 2014, X. Zhu et al. [12] 
improved on the previous method [11], which performed at an 
average level while consuming high resources. In the same 
year, D. Rufenacht et al. [10] proposed a new algorithm using 
infrared information of the image, which removes shadows 
accurately for Near-InfraRed images. 

Generative Adversarial Networks (GAN) was introduced 
in 2014 and became popular. In 2018, a modified version of it 
was utilised by Y. Jifeng et al. [15]. They proposed a Stacked 
Conditional GAN (ST-CGAN) which was implemented using 
two GANs. This is a supervised model with one GAN used for 
shadow detection and the other for shadow removal. It 
outperformed the model which used only a single GAN [1] [8] 
for both.  In the same year S. K. Yarlagadda et al. [18] 
proposed a reflectance-based approach that uses segmented 
pairs which identify shadow and non-shadow pairs based on 
their reflectance, illumination, and texture characteristics. 

In 2019, B. Amin et al. [16] also proposed an improved 
method based on research of Xu et al. [11] using the RGB 
colour properties of the image. It uses tri-colour attenuation, 
intensity information and relighting. B. Ding [17] proposed an 
iterative GAN-based model and H. Le et al. [13] proposed a 
decomposition approach with two deep networks: SP-net and 
M-net, for shadow decomposition and removal. Le et al. [14] 
went with a patch-based shadow removal approach. At this 
point, GANs started to dominate shadow removal approaches 
as more research based on GANs started to outperform other 
colour-based or relighting techniques. 

In the subsequent year, 2020, Florin-Alexandru et al. [7] 
proposed a method using vanilla Cycle-GAN with two 
generators and two discriminators. Y. H. Lin et al. [1] uses a 
Cycle-GAN approach. Xiaodong Cun et al. [22] proposed a 
GAN-based supervised model with three major components: 
a pretrained object classifier, an aggregation layer and a 
pooling layer. This model utilised a transfer learning approach 
on existing object classifier, which was originally intended for 
MATLAB. 

Until this point, unsupervised approaches were not heavily 
utilised because they were largely used to find outliers in a 
problem; not utilized to alter an image. But in 2021, Chao Tan 



 

 

et al. [6] proposed an unsupervised algorithm for nature 
image shadow removal. It does so by combining two GANs 
and the best performer (evaluated by a Model Selection 
Module) will execute the output shadow-free image. 
Hyunjeong Ryu et al. [5] used a novel Spatially Adaptive 
Denormalization (SPADE) technique to solve the problem of 
loss of input image data. When data is passed down layer by 
layer, the information that gets passed to the successive layer 
is shrunken. SPADE focuses on preserving these features by 
coupling each output from a layer with the original image. 
However, it has a major drawback of creating colour shifts in 
the output images and there are difficulties in removing 
shadows for document image. 

 Newer models that came in late 2021 are tweaked 
versions of Xiaodong Cun et al. [22]. Y. Jin [20] and L. Fu et 
al. [19] focus on soft shadows. They outperform the base 
model in soft shadow removal but not in the case of hard 
shadow removal. Z. Chen [21] used the baseline to retrieve 
contextual information between shadow and non-shadow 
regions. However, this model does not outperform baseline. It 
would be appropriate to select Xiaodong Cun et al. [22] for 
our use case as it is more focused towards shadow removal 
and more generalised than the latest state-of-the-art models. 
The majority of document image processing has been done on 
natural images since its inception. One reason for this could 
be the fact that professional scanners are used to scan 
documents and therefore the notion of shadow removal was 
irrelevant back then. However, with the advent of mobile 
image scanning, people started to use them more. This led to 
the research on document image shadow removal and there 
have been some considerable advancements. 

One technique used in document shadow removal is 
background estimation. Steve Bako et al. [8] [1] (Background 
Estimation Document Shadow Removal – BEDSR-Net) 
initiated this approach and later Y. H. Lin [1] and B. Wang et 
al. [9] improved upon it. A background estimation module [8] 
extracts the global background colour and attention map 
(encoded spatial distribution of background and non-
background pixels using deep learning). For shadow removal 
they utilised Conditional GAN. 

Bingshu et al. [4] proposed another approach for hard 
shadows: Local Water Filling (LWF) and Local Binarized 
Water Filling (LBWF). LWF and LBWF are used to 

successively remove the umbra and penumbra. LWF 
generates a shading map of the shadow image. Then the umbra 
is relighted using the Retinex theory. Now the image is 
binarized to bring out the penumbra and LBWF is used to 
remove it. It has proven to be more effective than some of the 
Convolutional Neutral Network (CNN)-based shadow 
removal methods to some extent.  

III. BACKGROUND 

For our use case, shadow removal for natural images via a 
supervised approach was the best suited among viable 
candidates. Our proposed architecture is a modified version of 
DHAN based on the research by Xiaodong Cun et al. [22]. 

In DHAN, the shadow image is first fed into a pre-trained 
object classifier (VGG-19), which a limitation of the model. 
VGG-19 is a convolutional neural network that is 19 layers 
deep [2]. When VGG-19 was first compiled for MATLAB, its 
main purpose was to classify different objects in an image, 
such as keyboard, car, stone, tree etc. As a result, the network 
has rich feature representations for a wide range of images [2]. 

DHAN uses a transfer learning approach to build the 
feature map of the shadow image with VGG, and then passes 
it to the next modules for shadow removal. This will work best 
with natural images which have more objects on them, thereby 
creating a dense feature map. However, our NIC dataset does 
not have that many objects (mostly text and some background 
textures). Hence, if that model is directly applied on our 
dataset, the extracted feature layer would be very sparse. 
Subsequent operations on this sparse feature map would result 
in further wash out of textures and letters and ultimately a 
poorly processed image would be obtained. In our experiment, 
the image is over-sharpened and has an overall dull look 
compared to the original image. However, the need for such 
an object detection mechanism is inevitable to identify and 
preserve background textures during shadow removal. 

Another limitation with VGG-19 is the sheer amount of 
processing it requires. The processing can only handle low 
resolution images because of the memory requirements by 
VGG-19. Hence it is not optimal to utilize such resource 
hungry component in an image processing pipeline where its 
capabilities are only going to impact output quality by little at 
the expense of loss in output resolution. 

 



 

 

Fig. 1. The network structure of our model. It comprises of two sub 
networks: DHAN (left) and SPP (right). Shadow image (Ishadow) 

is first fed into DHAN. This results into two feature map 

outputs, one from Hierarchical Feature Layer Aggregation and 
other from Hierarchical Attention Aggregation. Then the two 

aggregated feature maps are fed separately into Spatial Pooling 

Pyramid (SPP). The resulting images include a shadow free 

image (Ifree) and a shadow mask (M). 

IV. METHODOLOGY 

Our proposed methodology (see Fig. 1) is to pass the 
shadow image (Ishadow) directly into the Dual Hierarchical 
feature layer Aggregation Network (DHAN) followed by 
Spatial Pooling Pyramid (SPP). This will result two images: 
shadow free image (Ifree) and shadow mask (M). 

 

Fig. 2. Perception Loss with VGG-19. First feed the Ground Truth 

(G.T) is into the pre-trained VGG-19 network. It will produce 

an extracted feature map (MaskG.T). Then feed the shadow free 
image (Ifree) into the same network and obtain second feature 

map (MaskIfree). Now subtract one map from the other and 

reduce the result to a mean value. This reduced value 
represents how much information is lost. This can be used in 

the discriminator to teach the generator to respect the 

document background textures. 

 

To preserve the background texture (see Fig. 2), we 

passed Ifree and Ground Truth (G.T) separately into the pre-

trained VGG-19 object classifier. Now to find how much 

information is lost throughout the processing, the Ifree feature 

map must be subtracted from the ground truth feature map. 

By reducing the resulting feature layer output to its mean 

value and aggregating separate means, a perception loss can 

be calculated. Grouping perception loss with other losses 

allowed the network to train with preservation of textures. 

During testing, we do not need the object classifier anymore. 

V. EXPERIMENTS 

A. Dataset 

The NIC dataset for the research was created using a 
combination of accumulated datasets by us using an online 
form circulated among the public. The main problem with 
this dataset is the size (of 181 images). Because it is a dataset 
of sensitive images, we could not collect such images in 
large numbers. Also, NIC images could not be added to the 
paper as a reference, to respect user sensitivity and privacy. 

B. Evaluation 

Every NIC image is cropped manually to remove the 
laminated border and other stray area. Because our approach 
is supervised, we needed the ground truth which is shadow 
removed image, shadow image and the shadow mask. 
However, it is practically infeasible to get both shadow 
images and its exact corresponding shadow free images 

especially in a sensitive domain. Therefore, we used SM-
GAN [22] to create synthetic shadow free images. 

For this purpose, we got shadow masks from SRD 
(Shadow Removal Dataset) [23] and fused them (see Fig. 3) 
with already existing shadow free images, to create 
synthetic NIC dataset. Now we have shadow images, 
shadow free images and shadow masks.  

 

Fig. 3. Synthesis of shadow images from shadow free images and 
shadow mask with SM-GAN [22]. 

   

However, this resulting dataset is still insufficient for 
both training and testing. Therefore, we used publicly 
available ISTD (Image Shadow Triplets Dataset) dataset 
[24] of 1330 images for training and NIC dataset for testing. 

For objective evaluation metrics, we chose to follow 
similar strategies utilized by previous methodologies. Most 
of the recent papers which pursued natural shadow removal 
methods employed PSNR (Peak Signal-to-Noise Ratio) 
[1][22], SSIM (Structural Similarity Index Measure) [1][22] 
and RMSE (Root Mean Square Error) [15][22] to measure 
their quality, while most of the papers related to document 
shadow removal used Context preservation primarily [1].  

PSNR [25] is the ratio between the maximum possible 
value (power) of a signal and the power of distorting noise 
that affects the quality of its representation. SSIM [26] [27] 
quantifies image quality degradation caused by processing 
such as data compression or by losses in data transmission.  

Many of our experiments are not directly comparable 
from a technical standpoint, i.e., different research papers 
employ completely different strategies on shadow removal. 
Hence, we have decided to calculate both PSNR and SSIM 
for ground truth (GT) and model output (MO). Then find the 
Percentage of Deviation (PD) (1) in those values among 
different models. The lower the deviation, the better the 
model at predicting shadow free images. 

  𝑃𝐷 =  
𝐺𝑇−𝑀𝑂

𝐺𝑇
 × 100 %              (1) 

As for context preservation experiments, we used 
Google Cloud Vision API. First, we detected text from 
ground truth (shadow free image), then on output images of 
each model. In total 37 images are used for this experiment 
and the Average Recognition Rate (ARR) is computed per 
model by dividing number of Recognised Words (RW) by 
number of Output images for each Model (MO). The results 
are calculated according to (2). The higher the results, better 
the model at helping OCR applications. Although OCR 
detection is a by-product of our research it helps in 
distinguishing our proposed model with state-of-the-art 
models [1][15][22]. 

𝐴𝑅𝑅 =  
𝑅𝑊

𝑀𝑂
                                    (2) 

       

   

         

     

 
     



 

 

The experiments were conducted on a machine with 9th 
Gen Intel Core i5 CPU, 8GB RAM and GTX-1650 MAX-
Q GPU with 4GB VRAM. 

The first column shows the order at which experiments 
were conducted. Position of models in the table which will 
be referred to as #n in Section. 9, Discussion. We have 
conducted experiments on primarily four different research 
papers. BEDSR, ST-CGAN, DHAN and our modified 
model. BEDSR represents document-based shadow 
removal methodologies while ST-CGAN and DHAN can 
represent natural shadow removal models. Other than 
vanilla models, their mutations (modified configurations) 
were also compared. Here the L1 loss refers to Least 
Absolute Deviation [29] and BCEWithLogitsLoss refers to 
a sigmoid output of cross entropy loss [30].  

The PSNR and SSIM scores on 3rd and 4th columns are 
raw values. The respective percentage of deviation (P.D) 
for both are given in columns 5 and 6. The lower the 
deviation, better the quality of output (indicated by the 
arrow). 7th column shows the maximum possible resolution 

attainable by each model with our available hardware 
resources. Higher the resolution, better the model. 
However, resolution metric should be considered as a 
secondary measure because quality of output images is 
preferred over the output resolution. Resolution metric only 
shows relative efficiency of each model. The last column 
shows the context preservation metric where higher the 
results, better the model (indicated by upward facing 
arrow).  

As we experimented with BEDSR, ST-CGAN and 
DHAN, both BEDSR and ST-CGAN resulted in poor 
quality images which are too low to even take as a proper 
competition with vanilla DHAN. Even though they provide 
higher resolution output images, we could not merit them 
in such regards. Context preservation was conducted only 
on vanilla models and our proposed model because the 
modified models already perform worse in quality 
measurements.   

VI. RESULTS AND ANALYSIS 

A. Quantitative Analysis 

TABLE I. PSNR, SSIM AND CONTEXT PRESERVATION RESULTS OF VARIOUS METHODOLOGIES (NIC DATASET).  
P. D on columns 5 and 6 are primary qualitative measurements. Context preservation compares the number of words identified by Google Cloud 

Vision for each model. Maximum possible resolution measures the efficiency (inverse of computational cost since all tests are conducted in the 

same hardware) of the model. The arrow next to measurements shows either ‘lower is better’ or ‘higher is better’. 

# Method PSNR SSIM 
P.D PSNR 

(%) ↓ 

P.D SSIM 

(%) ↓ 

Maximum Possible 

Resolution ↑ 

Context 

Preservation↑ 

 G.T 23.24 0.93 --- --- --- 56.38 

1 BEDSR + L1 loss (Plain vanilla) [1] 14.56 0.82 37.4 12.3 640 x 768 18.80 

2 BEDSR + L1 loss (Fine-tuned) 13.66 0.80 41.2 13.9 640 x 768 --- 

3 BEDSR + BCEWithLogitsLoss (Plain vanilla) 14.56 0.82 37.4 12.5 640 x 768 --- 

4 BEDSR + BCEWithLogitsLoss (Fine-tuned) 13.96 0.48 39.9 48.8 640 x 768 --- 

5 ST-CGAN (Plain Vanilla) [15] 19.08 0.86 17.9 8.1 --- 19.90 

6 ST-CGAN (Fine-tuned) 19.21 0.85 17.3 9.3 --- --- 

7 DHAN (Plain Vanilla) [22] 18.20 0.88 21.7 5.8 315 x 420 26.27 

8 Ours 20.90 0.89 10.1 4.7 402 x 536 29.23 

B. Qualitative Analysis 

Only parts of images are provided to preserve the 
confidentiality of the owners of each NIC in the dataset. 

                  

Fig. 4.   Shadow image       Fig 5.   BEDSR               Fig. 6.   ST-CGAN  
                                               (Vannila) [1]                    (Vanilla) [15] 

 

                     
Fig 7.   DHAN (Vannila) [22]                          Fig 8.   Ours 

VII. DISCUSSION 

Initially we experimented with BEDSR-Net algorithm 
(Table. 1: #1, #3) which is intended for document image 
shadow removal. When we started to experiment and fine 

tune the model (Table. 1: #2, #4), the deviation increased. 
As the model assumes plain background, it would not work 
with the textured background in NIC dataset at all. 

In our second experiment, we worked on ST-CGAN 
(Table. 1: #5). This model is originally intended for natural 
image shadow removal. Images are tested on ISTD dataset 
with configuration of channel = [64, 32] and epochs = 40. 
There are significant improvements of about 24% PSNR 
and 5% SSIM over BEDSR-Net. However, fine tuning 
(Table. 1: #6) returned mixed results. Overall, ST-CGAN 
performed well although with notable artifact formations 
when analysed qualitatively. This led to the conclusion that 
NIC dataset prefers natural image shadow removal 
algorithms over document image shadow removal. 

Our final experiment was conducted on DHAN (Table. 
1: #7). We have compared our proposed method (Table. 1: 
#8) over current model, both trained on ISTD dataset with 
channel=32 and epoch=20 and tested on NIC dataset. You 
can see considerable improvements over both PSNR (12%) 
and SSIM (1%) and context preservation improved by 11%. 
Apart from the quality improvements, output resolution is 
increased by 63%. This is because the proposed model 
required VGG-19 during training and not during 
production/testing. 



 

 

In qualitative analysis, DHAN (see Fig. 7) over sharps 
the background as well as adds more contrast to the image 
which results in an unnatural shadow removal. On the other 
hand, our proposed model (see Fig. 8) preserves the 
background textures. 

VIII. CONCLUSION 

In this paper, we aim to solve shadow removal for 
document images with reflective and textured surface (such 
as NIC), by proposing a modified architecture of DHAN 
[22]. We do this by eliminating the need for object detection 
model at runtime. This allows producing high-quality 
images without taxing the system hardware.  

The characteristics of the dataset (NIC dataset) is a novel 
challenge to model. Also, because NIC of a person is highly 
sensitive and would compromise their privacy and security 
if published in public, makes data collection a tedious task 
which resulted in not being able to collect data in large 
numbers. 

The baseline model has some limitations. First is that the 
baseline over-processes shadow image by treating both 
background textures and foreground letters in a similar way. 
Second limitation is that baseline needed more resources 
(compute power) to produce a good resolution image. By 
proposing a modified architecture, we were able to 
overcome the limitation. Experiments show our proposed 
methodology works as intended by taking advantage of the 
peculiar nature of NIC dataset. The PSNR score is improved 
by 12%, context preservation score improved by 11% and 
maximum achievable output resolution is increased by 63%.  

Optimization in terms of time complexity was not a 
major priority in this research. We have utilized older 
versions of TensorFlow (v1.15), CUDA (v10) and CUDNN 
(v7.65). Should more data be incorporated, finer 
optimizations regarding to the underlying data structures or 
more powerful system would be needed.  
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