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Abstract

Image quality is a fundamental problem in computer vision. For variety of applications, for instance
scanning documents, QR codes, bar codes or algorithms like object detection, recognition, tracking,
scene understanding etc. images with good contrast, high illumination and sharpness are desired. Sim-
ilarly in computer graphics for information visualisation, animations, presentations etc. aesthetically
pleasing design and good colorization of the images are desired. Therefore the definition of image
quality depend on the context and application of the image. In this thesis we attempt to address var-
ious challenges pertaining to image quality, (1) for natural imaging, we explore a novel approach for
predicting the capture quality of the images taken in the wild. (2) For Graphics designs, we explore
the aesthetic quality of images by suggesting multiple aesthetically pleasing colorization of graphics
designs.

Due to increasing advancements and portability of smartphone cameras, it has become a default
choice for capturing images in the wild. However, there are quality issues with camera captured images
due to reasons like lack of stability during capture process. This hinders the automatic workflows
which takes camera captured images as input e.g. Optical Character Recognition (OCR) for documents
image, face detection/recognition from human image etc. Part of this thesis is focused on Image Quality
Assessment (IQA), the aim is to quantify the degradation like out-of-focus blur and motion artefacts in a
given image. One of the major challenge in IQA for images captured in the wild is that, we do not have
ground truth to measure the capture quality. Therefore various previous attempts of IQA require human
in loop for creating the ground truths for capture quality of images. Large user studies are conducted and
mean human opinion scores are then used as measure for quality. In this work we use a signal processing
based technique to generate the IQA ground truth, and propose a comprehensive IQA dataset which is
a good representative of the real degradation during the process of capture. Further, we propose deep
learning based approach to predict image quality for captures in the wild. Such IQA algorithm can be
helpful in the cause by either giving online quality suggestion during capture or rating the quality post

capture.

Another dimension to the image quality is aesthetic quality. Increasing usage of internet, social media
and advancement in the mobile camera, photography has become a very popular hobby and interest to a
large section. Even for a well captured image, people use varieties of filters and effects post capture to

enhance the appearance of the image e.g. adjusting color temperature, contrast or even blurring part of
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the image (bokeh effect) etc. Therefore the capture quality is not enough to define the aesthetic quality
of the image.

However, one of the major factors defining the aesthetic quality of image is colorization. Particularly
in computer graphics domain, where artificially generated images already have well defined structures,
shape and components. Therefore sharpness or capture quality are not relevant, but on the other hand,
color quality plays a very important role in visualization and appearance of the image. In natural images,
largely colors are associated with semantics e.g. sky is always blue or grass are green etc. whereas in
animations and computer graphics where objects are loosely associated with semantics, this lead to more
choices of colors. Hence the problem of colorization becomes more challenging in graphics domain,
where overall appearance of the images are more than its naturalness. Therefore, this work also covers
aesthetic quality of graphics images, here instead of measuring the color quality, we propose algorithm
to produce better coloring suggestions for the given graphics images.
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Chapter 1

Introduction

Image quality is complex problem because the meaning of the ’quality’ differ in different contexts.
For camera captured images, quality can be measured in terms of sharpness, contrast, illumination etc.
These factors mainly depends on, stability of camera during capture, camera parameters like exposure,
shutter speed, aperture etc. or certain artifacts occurs due to processing of image post capture. Fig. 1.1
show examples of good all in focus images against poorly captured images. Thus, measuring capture

quality can be very useful in various ways, such as building a tool, which can recommend the quality of
photo at the time of capture.

Good Quality Degraded Quality

Figure 1.1 On the left are four images which are nicely captured with a stand still camera i.e. images are
all in focus with good contrast, exposure etc., whereas on the right are example of four images whose

qualities are degraded during the process of capture i.e. inappropriate parameters like focus, aperture,
exposure, camera steadiness etc.

Another type of images are computer generated graphics designs. For example Fig. 1.2 shows col-
ored patterns which we encounter in our day to day life. Similarly, infographics, cartoons, animations
etc. are among other variety of graphics designs. However, image quality for such graphics images have
no dependence on camera and capture process, since they are artificially generated with a well defined
shapes and structures. Factors like, sharpness, contrast etc. are controlled parameters while creating

such images. Task of creating such graphics requires good imagination and are often left to artist’s



Figure 1.2 Some applications of colored pattern in our day to day life. For example, selecting t-shirt
design, tiles for interior design, flooring or printings on different forms of textiles.
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Figure 1.3 Figure demonstrates the importance of different choices of color on overall aesthetics of the
image. On the left is a gray-scale graphics pattern for which some good and bad coloring suggestions
are illustrated in middle and last column respectively.

for their creativity. Even after creating a graphics layout, selection of colors are also very important
to bring out attractive and pleasing appearance of the image. Fig. 1.3 show, some examples of good
and bad coloring choices for a given pattern template. Hence, the quality of graphics images largely
coincides with the overall appearance (aesthetics) of the image. And measuring the aesthetic quality in
absolute term can be ambiguous, because the aesthetic preferences are subjective in nature. Therefore,
instead of measuring aesthetic quality, having a automatic coloring system which can suggest pleasing
coloring for a given graphics image can be very useful for both the naive user as well as the artists.
Formally, in this thesis, we explore two different aspects of the image quality, (1) Capture quality of

camera captured images. (2) Color quality of the graphics designs.

1.1 TextureToMTF: An IQA technique for camera captured images

Capturing good quality all-in-focus images are important in many real world applications, for in-
stance capturing a page of a book, random texture, cartoon strip from a magazine, identity cards, pass-
ports, hand written text, hand drawn diagrams, bar codes or QR codes, work on a chalkboard etc. Such
captures are aimed for simply archival; for sharing with others; storing for a later review or for auto-
mated processing (like OCR or visual card readers etc.). Phone cameras have become the default device
for such captures in the wild because of the enhancements in mobile camera and the portability. How-

ever, the quality of capture often falters due to lack of stability in the capture process. The poor quality
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Figure 1.4 Figure demonstrate two images from our dataset. On the left is a shape image taken from
a stationary phone camera and on the right a blurred image captured with casually holding the mobile
phone. Below the images, quality scores are shown, higher score represents better quality. Also along
with global scores, local patch wise scores are shown, this local scores can help in calculating the
spatially varying blur in an image.

capture leads to several undesired problems, for example the shared details may be unreadable, part
of the archives may be useless in future or it could be a bottleneck in automated document processing
units. An Image Quality Assessment (IQA) algorithm can be helpful in the cause by either giving online
instruction during capture or rating the quality post capture!.

A major hindrance for designing efficient IQA prediction algorithm is the generation of ground
truth to quantify the quality of an image. Several existing methods [29, 37, 44] rely on degrading a
high quality image synthetically with changing degradation parameters to generate multiple low quality
images. Then either the degradation parameters are then used as ground truth values or mean human
opinion scores are obtained by conducting large scale user study. Additionally, these methods may be
inaccurate in cases where multiple degradation are present in a single image, which is often the case
for images captured in the real world. Moreover, the synthetically simulated degradation are only an
approximation of degradation’s which occur during real captures. Some efforts have been made to
extract ground truth through specialized setups, for instance, Rai et al. [39] computationally vary the
focal place to derive ground truth and use it to train deep learning networks. However, such methods
are often limited to a particular degradation and show results in controlled settings.

In this worke, we propose to use the concept of Spatial Frequency Response(SFR) to solve this
problem. Traditionally, SFR has been used to measure the maximum sharpness a photographic system

is able to achieve [6]. Recently, SFR has also been used to various other aspects of a camera such as

'Texture TOMTF code and dataset are publicly available @https://murtuzabohra.github.io/Texture TOMTF/
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Figure 1.5 Proposed algorithm provides both local and global image quality scores for an input image.

low-light performance [48], High Dynamic Range(HDR) evaluation [8] etc. SFR is computed using
slanted edges available in specialized imaging charts [7]. In this work, we get the SFR pertaining to a
single image by using four slanted edges around the reference image as shown in Fig. 1.4. The SFR for
these slanted edges is then used to generate a patch-wise ground truth score for the input image. This
provides a reliable metric for image quality for the degradation which affect the SFR in the captured
image. Since the SFR is computed for the slanted-edges only, our setup is agnostic to the scene content.

We use the MTF50 values (spatial frequency where Modulation Transfer Function is 50% of its peak
value) of corresponding image patches as the ground truth representing the image quality of the partic-
ular patch to train a neural network. The network aims to predict the SFR value for a corresponding
image, in turn learning to predict the quality of the image patch. The slanted edges setup is hence not re-
quired during inference (Fig. 1.5). We perform extensive quantitative and qualitative experiments which
demonstrate that SFR is an accurate and robust assessment metric for multiple types of degradation,

which affect the sharpness of an image.

1.2 ColorArt: Automatic colorization of graphic designs

In this work, we explore the aesthetic quality in terms of colorization of graphic designs®. We study
the problem of automated colorization of gray-scale templates. The two key sub-tasks in colorization

are:

2ColorArt project details can be found @https://murtuzabohra.github.io/ColorArt/




































Figure 3.2 The figure illustrates images from the proposed dataset captured with the slanted edges
around it. The two rows present same image captured with differing quality (top row being better
quality image). We can observe that the degradation gets clearly reflected over the slanted edges.

The MTF50 values around slanted edges are then used to quantify the spatially varying blur in an
image. A score indicating its quality is assigned to each patch using the following procedure (illustrated
in Fig. 3.1):

1. For every patch in consideration, we move in four directions from the centre of the patch (Cj).
The two black lines passing through the centre of the patch and are parallel to the directions of
the image boundary inside the rectangular region.

2. These lines intersect the slanted edges at the points C, Cs, C3 and C} at distances d, do, d3 and
dy from the centre of the patch Cj respectively. We now consider four Region of Interest (Rol)s

at the four slanted edges, centred around the corresponding intersection points.

3. For each Rol, we calculate frequency at which the resolution ratio equals 0.5 (MTF50). We denote

this value by s. Thus, we get four scores s1, s2, s3 and s4 corresponding to the Rols.

4. We pick two Rols with minimum scores s;, s; for a conservative assignment of ground truth
values to the patches, i.e. we consider those values that indicate the highest degradation, which
has regularly been used for DIQA [40]. The final ground truth score (g) is a weighted mean of s;
and s;, weighed according to the distance, as defined in Eqn. 3.1.

B
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3.2 Proposed Dataset

In this work, we propose a generalized SFR (GSFR) dataset, to compute local MTF50 value for
cameras using images captured through it. We use a planar setup as seen in Fig. 3.2 to capture images
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in our dataset. Multiple images of cloth textile, ID cards, documents and wooden surfaces are used as
reference scenes. Furthermore, we also capture images of photos of printed natural scenes to incorporate

more general textures.

We place four slanted edges around each image and perform multiple captures. We use two hand-
held smartphones(iPhone8Plus and Moto G5S Plus) to capture our dataset. The hand movement of user
during the capture with varying lighting conditions introduces realistic degradation (motion blur, focus

blur, ghosting etc.). The entire dataset is made publicly available !.

We provide a local patch-wise ground truth for all images in our dataset. We calculate the quality
scores for all the patches in an image using the calculation scheme presented above. We extract 300
patches of size 48 x 48 pixels from each image, centered around randomly chosen coordinates in the
image and calculate MTF50 score for each patch using the method discussed in Section 3.1. The ground
truth values vary in a range from 0 to 0.3, where higher ground truth value corresponds to better quality

of image.

3.3 MTF Prediction Network

We now describe the training details and the network architecture for MTF prediction from image
patches. Hyperparameters of the network are set empirically by doing multiple iterations. We first
normalize the individual input images by subtracting the mean value and dividing by the standard de-
viation. Then, we select approximately 300 patches from each image randomly. All patches are of the
size 48 x 48. The ground-truth value for each patch is calculated as described in Section 3.1. The
patches extracted from the training images are then used to train a network to predict the corresponding
MTF50 values. We modify the network proposed in [20] for our experiments. Our network contains
two convolution layers (Max Pooling with 2 x 2 after first convolution layer and Min-Max pooling
with 2 x 2 after second convolution layer), first layer with 40 filters and second layer with 80 filters
of 5 x 5 and then two fully connected layers with 1024 neurons and finally the output layer with one
neuron. We change the activation function to LeakyReL.U, with the slope for a negative input being
set to 0.01. We also add batch normalization after each convolution layer to reduce dependency on the
scale of features. Additionally, we introduce a Dropout layer after second convolution layer and first
fully connected layer for regularization. The dropout factor has been empirically set to 0.2. We used a
learning rate of 0.001, without any annealing for training the network. We use the Adam optimizer with

exponential loss function for training the network.

"https://murtuzabohra.github.io/Texture TOMTE/
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Figure 3.3 Figure on the top is average predicted SFR score and bottom figure is average MOS score,
for five distortion levels of each distortion type in TID2013 dataset. Notice that our model which has not
seen these distortions explicitly during training, predicts the SFR score which reduces when degradation
level increases for each distortion type.

3.4 Experimental Results

In this section, we present results of our model for MTF50 prediction in comparison to the cur-
rent state-of-the-art algorithms on various IQA datasets. We show results on the Generic SFR dataset

proposed in this work and two other datasets from previous work.

3.4.1 Datasets

3.4.1.1 Document SFR Dataset (DSFR)

DSFR dataset was proposed by Rai et al. [38] for quality estimation of document images. This
dataset contains 8 images each from 25 documents, i.e. a total of 200 images, varying in blur (motion
and focus), scale, orientation etc. They propose ground truth quality for each document image, using
the slanted edge setup explained in Section 3.1. They also provide OCR accuracy for each image, to be

consistent with previous approaches which relied on OCR accuracy as a proxy for quality estimation.

3.4.1.2 Generalized SFR Dataset (GSFR)

The Generalized SFR datasets is an extension to the DSFR dataset. As explained in Section3.2 it
includes images from variety of textures. It comprises of a total of 137 reference images and 7 images
of variable quality were captured for each reference image. The proposed dataset thus contains a total
of 959 images. We ensure at least two images among the seven distorted images are of good quality. We
have also provided a ground truth score corresponding to local patches in our dataset using the method

described in Section 3.1. The image score is taken as the mean of all the patch-wise scores.

18



OCR SFR
Method LCC | SROCC | LCC | SROCC
ADOM [24] 0.64 0.65 0.80 0.74
Focus Measure [40] | 0.69 0.80 0.70 0.89
CORNIA [50] 0.89 0.87 0.96 0.87
EPM [31] 0.79 0.82 0.94 0.89
Our Approach 0.85 0.82 0.97 0.89

Table 3.1 Comparison of different approaches on DSFR Dataset with OCR as ground truth (2-3
columns) and SFR as ground truth (4-5 columns).

3.4.1.3 TID2013 Dataset

The TID2013 dataset was proposed by Ponomarenko et.al in [37]. This dataset contains 25 reference
images, degraded using multiple distortion types. The images were distorted according to 24 distortion
types, with five distorted images corresponding to each distortion for a reference, comprising of a total
of 3000 images. Corresponding to each image, the dataset also provides a Mean Opinion Score (MOS)
as the ground truth quantifying the image quality. The MOS is generated through a large user study
involving multiple human subjects who are shown pairs of images and asked to rate them in terms of

quality.

3.4.2 Quantitative evaluation

We use the Linear Cross Correlation(LCC) and Spearman Rank Order Cross Correlation(SROCC)
metric for quantitative evaluation, which are prevalent in the prior art. LCC computes the degree of
linear dependency of two variables, while SROCC measures the degree of monotonicity between two

variables.

3.4.2.1 Evaluation on DSFR Dataset

The results on the DFSR dataset are shown in Table 3.1. We randomly partition the dataset into
training (60%), validation (20%) and testing (20%) sets. This is in line with previous regression based
image quality assessment models [27, 29, 38, 20, 21]. We run 10 such iterations, selecting the three
sets each time and report the median score as the final correlation values on the test partition. For hand
crafted methods, we just use the same testing set in each iteration. We observe that SFR as ground truth
provides more accurate quality estimates in contrast to using OCR as ground truth across all methods.
Moreover, learning based approaches [50, 21] outperform the hand crafted methods [24, 40, 31]. The
proposed approach outperforms other methods in both settings. More importantly highly accurate LCC
values (0.97) with SFR as ground truth suggests the ability of the network to precisely predict MTF50
values from typical texture of printed text on white background.

19



Method LCC | SROCC
RankIQA [29] | 0.212 | 0.231
Ours 0.909 | 0.899

Table 3.2 Correlation result of our model and RankIQA model on GSFR Dataset

3.4.2.2 Evaluation on GSFR Dataset

The results on GSFR dataset are shown in Table 3.2. We make random three way split (60% training,
20% validation, 20% testing), similar to the DSFR dataset. The division is made according to reference
images, and the image used in training or validation is not seen in testing. We repeat this experiment 10
times, and report the median values. We compare the our results with RankIQA [29] algorithm, which is
the current state of the art on general IQA datasets (like TID [37]). We use the RankIQA model trained
in an unsupervised manner using synthetically varying levels of simulated degradation. It is evident that
the RankIQA model which is trained on synthetically simulated data fails to estimate the capture quality
on GSFR dataset (where degradation are introduced by variations in physical imaging process). This
indicates the poor correlation between synthetically generated distortions with the real distortions which
occur during the capture process. The proposed approach outperforms RankIQA [29] by a significant
margin of about 70% on image level LCC values.

In addition to image-wise scores, we also calculated the patch-wise scores to further test the effi-
ciency of the network at the local level. We obtain a patch-wise LCC and SROCC of 0.738 and 0.769.
This demonstrates that the model is agnostic to local changes such as depth, illumination etc. and can be
used for non-uniform scenes. During experimentation, we also observed that the accuracy in prediction
is tied to the amount of texture in a patch. We validate this by separately computing correlation scores
for patches according to their textures. We rank the patches in test set in decreasing order of gradient
magnitudes and pick the top 30% patches as ‘high-gradient’ patches. Similarly, the bottom 30% patches
are referred to as ‘low-gradient’ patches. The LCC scores for the high-gradient and low-gradient patches
are 0.81 and 0.55 respectively. This shows that the prediction is positively correlated with amount of

texture present in the patch.

3.4.2.3 Evaluation on TID2013

The dataset contains 24 distortions, these also include distortions which do not directly affect the
sharpness and edge spread function of image e.g. transmission error, color saturation etc. We limit
ourselves to 13 distortions in TID2013 dataset where quality is degraded because of change in sharpness
and edge spread function. The results are presented in Table 3.3. It should be noted that for evaluation
over TID2013 dataset, the images are completely unseen for the proposed model. We directly use the
model trained on GFSR dataset for testing on the TID2013 dataset. On the contrary, other models are
either fine-tuned(RankIQA) or trained(CORNIA, HIQA) on TID.
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Method #01 | #04 | #05 | #06 | #07 | #08 | #09 | #10 | #11
BLIINDS-II [41] | 0.71 | 0.36 | 0.85 | 0.66 | 0.78 | 0.85 | 0.75 | 0.81 | 0.86
BRISQUE [34] 0.63 | 032 | 0.77 | 0.67 | 0.59 | 0.84 | 0.55 | 0.74 | 0.80
CORNIA [50] 0.34 | 0.18 | 0.61 | -0.01 | 0.67 | 0.90 | 0.79 | 0.87 | 0.91
RankIQA [29] 0.89 | 0.64 | 0.87 | 0.87 | 091 | 0.83 | 0.89 | 0.90 | 0.92
RankIQA+FT [29] | 0.66 | 0.36 | 0.76 | 0.74 | 0.78 | 0.81 | 0.77 | 0.87 | 0.88

HIQA [27] 0.92 | 0.67 | 095 | 0.81 | 0.85|0.83 | 0.96 | 0.91 | 0.62

Ours 0.95| 085|096 | 0.88 | 0.89 | 0.85 | 0.80 | 0.88 | 0.71

Method #16 | #19 | #21 | #22
BLIINDS-II [41] | 0.15 | 0.70 | 0.45 | 0.81
BRISQUE [34] 0.15 | 0.56 | 0.68 | 0.80
CORNIA [50] 0.01 | 0.26 | 0.55 | 0.59
RankIQA [29] 0.32 1 0.84 | 0.89 | 0.79
RankIQA+FT [29] | 0.27 | 0.62 | 0.80 | 0.78

HIQA [27] 0.18 | 0.85 | 0.85 | 0.91

Ours 0.50 | 0.87 | 0.79 | 0.90

Table 3.3 Performance evaluation (SROCC) on the TID2013 database for distortions specific to sharp-
ness and edge spread function. First row contains distortion numbers according to TID2013 dataset

Our method outperforms the state of the art on several type of distortions and gives competent results
on others (giving best results on 7 out of 13 type of distortions). Most importantly it shows that the
generic quality capture of the SFR ground truth (it generalizes on simulated distortions in TID2013
dataset without being seen in training). Moreover it also indicates that the proposed network generalizes
to predict quality on large variety of textures (including those of non planar scenes). Since TID is curated
with simulated distortions, the unsupervised training strategy of RankIQA seems to capture it well and
gives best results on three of studied distortions. Additionally, proposed method uses a shallow network
with only 2 convolution layers(less number of trainable parameters), therefore, it is much faster than
network used in [27, 29]. In Fig. 3.3 we plot average predicted SFR score(in first plot) and average
Mean Opinion Score(MOS score, in second plot) for five levels of each degradation, horizontal axis
represents degradation number as per TID Dataset. It can be seen from the figure that without fine tuning
on TID2013 distortions our model predicts decreasing SFR score as the degradation level increases for
all the distortion types. Additionally predicted SFR scores has similar plot as MOS score(obtained
based on the quality perceived by human subjects), suggest that SFR correlates well with the human

perception of quality.

3.4.3 Qualitative Results

Fig. 3.4 shows images from the test set of GSFR dataset (first two images) and TID2013 dataset(last
two images) with predicted values from RankIQA and our approach (higher values in both prediction
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SFR: 0.18 SFR: 0.02 SFR: 0.16 SFR: 0.05
Rankiqa: -2.43 Rankiqa: -0.88 Rankiqa: 1.55 Rankiqa: -19.05

Figure 3.4 Figure shows first two images from GSFR dataset and last two images from TID2013 dataset
along with their predicted SFR score and quality score predicted using RankIQA model. Notice that
higher the score predicted using both the methods corresponds to better quality.

Figure 3.5 The figure shows local MTF50(SFR scores) values in the form of a heat map. On the left
of each example is natural image with varying texture and on the right is heat map generated for the
corresponding images using our network. The warmer colors represent higher MTF50 scores.

correspond to better quality). We can observe that both RankIQA and the proposed approach correctly
correlate with the perceived quality on images from TID dataset. However, RankIQA completely fails
to distinguish the quality on images taken from GSFR dataset (giving higher value for a lower quality
image). This indicates the poor generalization of methods trained on synthetic data.

To further highlight the ability of the proposed approach to predict local variations, we compute patch
level predictions on some arbitrary images from the web. The results are presented in Fig. 3.5, where the
images were divided in 48 x 48 patches and quality score was predicted for each individual patch. We
can clearly observe that our method has accurate predictions even at the patch level on widely varying
texture and blur type (motion, bokeh etc). This is in contrast with most state of the art approaches like
RankIQA which are trained on much higher granularity (often image level) and are not apt to predict

such local variations.
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Chapter 4

ColorArt

4.1 Jargon

Before we get into details of colorization algorithm, we define few terminologies which will be

referred subsequently.

1. Color Segment: It is defined as smallest continuous region in the image which has all the pixels
of same color. Fig. 4.1(c) demonstrates one of the color segment which belong to corresponding

color in the palette.

2. Color Group: It is a group of color segments which belong to same color. i.e. A color group
contains all the pixels in the image which belong to same color. In Fig. 4.1(b,c.d,e,f) are five

different color groups present in the colored pattern Fig. 4.1(a).

3. Color Composition: It represents area/size of each color group. This is calculated as fraction
of pixels in an image which belong to same color. For example in Fig. 4.1 the composition of
first color (which is background) is 0.51 (i.e. 51% of the image pixel belong to this color group),

similarly 0.19, 0.11, 0.10 and 0.09 are the compositions of remaining colors.

color group  segment

. @
[T
() (b)

Figure 4.1 Illustration of color segment, color group and composition of five different colors present in
the colored pattern.
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4.2 Reference Images Dataset

To build our colored reference images dataset (CRID), we use a set of colored patterns collected
from Colourlovers' in [28]. We further augment the dataset with recent top-ranked design patterns from
ColourLovers. ColourLovers is an online community centered around creating and sharing color de-
signs. Where artists and enthusiasts can create colored patterns by creating a template from scratch or
by coloring an existing template. To demonstrate the applicability of our approach in a variety of col-
oring tasks, we also created a separate Vector Graphic (VG) dataset by collecting a set of infographics,
cartoons, and animations by crawling images from the web. We only collected vector images for precise
palette extraction and avoid compressed formats, as they lead to false colors.

Our CRID dataset contains total of 8258 patterns, each pattern colored with 5 distinct colors. We
reuse 7258 colored patterns previously collected by Lin [28] and added 1000 recent top-ranked patterns
from colorLovers. The dataset has 3727 unique design templates, among these, some templates have
multiple instances with different colorization by multiple artists. Our VG dataset contains 1514 cartoon
and animated scenes and 300 infographics images. However, our dataset only contains rasterized pat-
terns, which is the format ColourLovers makes available to the public. Thus, we pre-process images in
the dataset to represent each image as color groups, which will be later used in our retrieval and color
transfer algorithm. We first assign each pixel in the image to one of the colors in the source palette.
We then group pixels corresponding to each color as connected components (with size greater than 15
pixels to account for noise), which are 2 pixels or closer to each other and to identify ‘color segments’.

Finally, we group all the segments with the same color into the corresponding color group.

4.3 Methodology

The proposed colorization algorithm adopt 2 stages framework. In the first stage, we retrieve a
suitable reference image for input template, from the dataset. In second stage, we propagate color from
reference to the template image and produce a coloring suggestion. The overview the proposed approach
is demonstrated in the Fig. 4.2, each of the component in the figure will be described one by one in this
section. First we will discuss what is a suitable reference image and it’s retrieval algorithm, then we will
define color graph, composition matching and intuition behind it. Then, finally we will discuss the color

transfer algorithm which is formulated as optimization over color graph and composition matching.

4.3.1 Reference Image Retrieval

A reference image will provide us a) a compatible color palette, which will be used to generate
coloring of template image. b) Information about the 2D-spatial arrangements of different colors used

in it. The aim of the retrieval algorithm is to find images from the CRID dataset, suitable for input

"https://www.colourlovers.com/

24



Target

Color Group Matching
Between lrer and | emp

| Temp

Figure 4.2 Block diagram represents overall proposed methodology. I7em, in the figure is template
image and IR,y is the reference image found closest to I7¢,;, in the feature space. Each node of both
the color graphs represents ‘color’ and ‘composition’ of the corresponding color group. Output is the
target image which is produced by transferring the colors from Ige ¢ t0 I7epp.

template. Then, what is a suitable reference image? Previous work by Lin [28] has shown that color
choice for a group correlates with its geometrical properties (like relative size, spread, number of distinct
segments, etc.). For instance, large and highly connected segments usually represent the background.
The presence of such a large segment indicates that the artist intends to use a background, which is often
so chosen that it brings the focus on the foreground (loud colors in the background are less preferred).
On the other hand, if all color groups are equally distributed spatially, then the pattern is not intended
to have a background foreground separation. Therefore, we hypothesize that reference images with
similar geometrical properties (i.e. having similar spatial distribution of different color groups in the
image) would be a better choice to color a given gray-scale template. Consequently, we perform feature
extraction to represent the geometrical properties of each color group in the given image and concatenate
them to represent the entire image. Then, the reference image for the given input template is obtained by
searching for nearest neighbour in this feature space. If we want to suggest multiple coloring suggestions
for a given input template, then multiple reference images are selected from dataset using K-Nearest-
Neighbour (KNN) algorithm in the represented feature space. In case of VG dataset, which has images
with different number of color groups, we first filter the images having the same number of color groups

as template image before searching for reference image. We use following spatial features:

4.3.1.1 Composition Vector (C)

C =lec1,c2,c3,...,¢p) 4.1)

Each element in the vector in eq. 4.1 represents size of corresponding color group in the image i.e. ,

where ¢; is the ratio of the number of pixels in i*" color group to the total pixels in the image, and p is
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total color groups in the image. The groups are arranged in descending order of sizes with c; being the

largest group.

4.3.1.2 Spread of Color Groups (.5)

S = [n1ng...nps152...5p] 4.2)

These features capture the spatial distribution of segments in a color group i.e. whether the color
group consists of single large spatially connected region, or it consists of several disjoint connected
components. We define features vector .S (eq. 4.2), where n; is the number of segments which belong
to the it" color group divided by the total number of distinct segments and s; is the average size of

segments in ¥ color group normalized with the size of the image.

4.3.1.3 Sum of Gradient (m)

We also compute sum of gradient magnitudes of the entire image, as a measure of overall texture.

Overall we define:

SV S SN0 S0 RN S5 B SR S
Gr = [c1Ch-.cpn Ny 18185 5,M [1x3p 41 4.3)
Where G is the spatial feature vector representing image [ and, ci[ , n{ , s{ and m! are composition,

number of segments, average size of segments corresponding to i*” color group and the sum of gradient
magnitude for image I respectively. Therefore, distance D between two images /1 and /5 to find nearest

neighbour, is defined as euclidean distance between G1 and Grsie. D = ||Gr1 — Gra||.

4.3.2 Color Transfer Algorithm

The objective is to propagate colors of reference image to the input template, preserving the original
color intent of the artist in the reference image. The intent of the artist is defined in terms of composition
of different colors used by artist and spatial adjacency between these colors in the image. First we
discuss the intuitions behind different criterion used and then we formally define them to obtain color

transfer.

1. Color Adjacency: In Fig. 4.3, we are given a template image, which we want to color. The
template has three segments, a star, circle and rectangle with each having a different gray value.
We are also given a color palette having three different colors i.e. C1, C2 and C3. While coloring
the template using given palette, we can observe that, each segment can be assigned any of the
three colors from the given palette. Therefore, there are 3! (which is 6) different ways in which

colors can be used in the template image. Among these six possible color assignments, Fig. 4.3
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Figure 4.3 Illustrating importance of color adjacency in aesthetic appearance of the image. And cost/
is defined to measure the difference in color adjacency between two images.

show two coloring possibilities as imagel ((star, C3), (circle, C2), (rectangle, C1)) and image?2
((star, C2), (circle, C3), (rectangle, C1)). Both the images have different overall appearance, even
though same three colors are used in them. So, what has changed the appearances? Analysing the
adjacency of colors in both the images, we can observe that, in imagel, C2 is adjacent to C1 and
C3 whereas, in image2, C3 is adjacent to C1 and C2. Or in other words, the colors are used in
different neighbourhood. To put the idea in context, let’s assume, imagel as a colored reference
image and image?2 as an output of color transfer from imagel to template. Since the template and
reference images have exactly same structure (layout), then it is expected that, output must have
the same adjacency of colors as in the reference image. Therefore we introduce cost! (Adjacency
cost), as penalty for spatial color assignments, which quantifies change in adjacency of colors
while generating the coloring suggestion for template image using the colors from the reference

image.

2. Color Composition: In Fig. 4.5, lets consider the same template palette pair again, to understand
another criterion for color assignment. This time we generate another coloring suggestion as
image3 using imagel (reference image). Again, we can observe that image3 has a different overall
appearance than imagel, even when both having the same color adjacency (illustrated in Fig. 4.5).
Then what has changed between the two images? Well, it can be seen that in imagel, C1 is used
in the larger segment (which is rectangle), whereas in image3, C3 is used in larger segment.

Therefore, amount of each color, or in other words the composition in which the colors are used,
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Figure 4.4 Illustrating importance of color composition in aesthetic appearance of the image. And cost2
is defined to measure the difference in color composition between two images.

also define the aesthetic appearance of the image. Having observed that, it is also important to use
colors in the similar composition as used in the reference image, while transferring colors in the
template image i.e. to retain the overall color intent of the artist. To account for this, we define

another cost2, which quantifies the mismatch in color composition between two images.

After understanding the intuition, we formally define color transfer algorithm. The objective is to find
one to one mapping between color groups of reference and template image. There exist N! such map-
pings, and the goal is to solve for the optimum one i.e. the mapping with minimum loss of color’s
composition and adjacency in the output image with respect to the reference image. We solve this prob-
lem as optimal color graph and composition matching. We define Color Graph Matching (accounts for
color adjacency) and Composition Matching below, and subsequently combine them to form a overall

matching cost.

4.3.2.1 Construction of Color Graph:

Given an image first calculate the color groups, then create a weighted color graph G = (V, W)
where V' is the set of vertices and W is the weighted adjacency matrix. Each node in the graph G
corresponds to a color group in the image; therefore, |V'| = p, where p is count of total color groups in
the image. And the element w;; € W, Vi, j € {1,2...p} is the edge weight between vertices v;,v; € V,
where w;; is the count of edge pixels shared between color group ¢ and j, normalized with total edge
pixels in the image. Therefore, higher edge weight represent more adjacency between the corresponding

color groups.
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Template Color Groups Color Graph

Figure 4.5 Illustration of color graph for a given template image. Each node in the color graph represent
a color group and edge weights represent amount of adjacency between the corresponding color groups.
For example wj; is the count of adjacent pixels between color groups 7 and j, which is normalised with
total edge pixels in the image.

4.3.2.2 Color Graph Matching:

Let R = (Vg,Wg), T = (Vp, W) be color graphs of reference and template image respectively.
Here UZ-R € Vg and vl-T € Vr represents nodes in the graph R and T". The objective is to find one to
one matching between the nodes of two graphs such that the adjacency can be preserved. This is also
called as Weighted Graph Matching Problem (WGMP), whose solution is a one-to-one correspondence
function ¢ between set Vr and Vg, which minimizes the difference between graph R and 7. The

difference is measured as:

p

J(¢) = Z > Wr! o) = Wr(e(w]), o(v] )] (4.4)

i=1 j=1
Where, ¢ : Vg — Vi can be defined as ¢(v)?) = va, Vi, je{1,2,..,p}. The cost function J(¢) can

be re-written in the matrix form as:
J(P) = ||Wp — PWgPT|]? (4.5)

where P is the permutation matrix which is a proxy for one-to-one node correspondence ¢ and ||.|| is
the Euclidean norm (||[W|| = 327, -7, |wi;|?]'/2). Thus the WGMP reduced to problem of finding
permutation matrix P which minimizes .J(P). For isomorphic graphs, we can find permutation P such
that J(P) = 0. This may happen in specific cases, like coloring a gray-scale pattern using the same

colored pattern.
Poptam = arg;nin{J (P)} (4.6)

Since finding the exact solution for WGMP is a purely combinatorial problem and requires O(p!),

we use an Eigen decomposition-based approximate solution [46] in O(p3). Which solves WGMP as
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finding a permutation P, which maximizes the following:

Popiaymr =~ arg max{tr(PTURﬁg)} 4.7
P

where tr(.) is the trace of the matrix, U and U are the matrices whoes elements are equal to the
absolute value of corresponding element in Ug(eigen vector matrix of Wg) and Ur(eigen vector matrix
of Wr) respectively. e.g. ng = ]uﬁ] where ﬂf} € Ug and uf} € Ug. It can be solved directly using

Hungarian matching.

4.3.2.3 Composition Matching (M)

This is to preserve the color composition in the reference image when colors are propagated to the
template image. This aims to retain the original intent of the artist e.g. background, may likely remain as
a background color (both being the largest color groups). Given the reference image /r and the template
I with p color groups each, and corresponding composition vectors (Cr,, Cr,). The composition
matching cost can be defined as the difference between the composition of each color group of template
image with the corresponding matched color group in the reference image.

P
2(¢) =) _|Crrlvi] = Crylé(vi)]] (4.8)

i=1
Again, this can be re-written in the matrix form using permutation matrix P as a proxy for mapping

function ¢.

Z(P) = P" My, (4.9)
Popion = arg;nin{tr(PTMcmp)} (4.10)
Where, Mempli,j] = |C§T - cjﬂ is the cost of matching the composition of i, color group in

template to the j;;, color group in the reference image. This pairwise matching cost is integrated in the

Hungarian matching framework and solved jointly with the WGMP solution.

4.3.2.4 Combining Color Graph and Composition Matching

We have reduced WGMP into a maximization problem; now, if we negate all the elements of (U RU;)
in eq. (4.7), it will become minimization problem. The composition matching is already a minimization
problem (in eq. (4.10)), so we can add these two cost matrix and define a single matching cost which

can be solved for minimization using Hungarian matching algorithm i.e.
MatchingCost(M) = Mepy — UrUsp 4.11)

P,y = argmin{tr(PT M)} (4.12)
P

30



The permutation matrix F,,; (obtained on solving eq. (4.12)) is optimal matching for combined cost
of color graph and composition matching. Using F,,; we can find one-to-one correspondence between
the color groups of reference and template image. Finally, each color group in the template is assigned

the color of the corresponding color group in the reference image to produce coloring suggestion. i.e.

R T
U1 Gl
R T
Uy U3
— Popt | - (4.13)
R T
[ Vp ] LYp |

4.4 Evaluations

4.4.1 Experiment-1

Here we compare two fully automatic pattern colorization methods; Pattern-Color-By-Number [28]
and our algorithm, against the human artists. To conduct this study, we use the same set of pattern tem-
plates as used in Pattern-Color-By-Number for a similar user study. The set contains a total of 14 tem-
plates (one of the 15 templates used in Pattern-Color-By-Number is discontinued on the ColourLovers
website).

Tewplats Inags 1 /14

Figure 4.6 Graphical User Interface (GUI) used in Experiment-1. The 12 coloring suggestions displayed
on GUI contains four created by artist; four using Lin et al. [28] and four using our algorithm.
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The templates are reasonably diverse, and do not have strong semantic associations. Comparison is
done using a human judgement study for different colorization of all 14 gray-scale templates. For each
of the 14 templates, we select 12 colorization: four generated using the proposed method, four using
Pattern-Color-By-Number and four from the top-rated artists (randomly chosen out of 45 top artists for
each template) on ColourLovers. For our method, we retrieve 20 reference images from CRID and use
4 best coloring suggestions in terms of aesthetic score (using harmony and contrast similar to [22]). We

avoid the random baseline used in Pattern-Color-By-Number as users tend to easily identify them.

Top3 W Bottom3

0.5
04 0.44
0.4
0.3
0.2
0.6

0.1

0

Artist Pattern Color-By-Number Our

Figure 4.7 The percentage of times patterns from Artists; our Model and Pattern-Color-By-Number
were chosen by participants as Top 3 (favorite) or Bottom 3 (least favorite) patterns in the judgment
study.

We recruited 11 masters and Ph.D. students with a normal color vision for this study. We created
a Graphical User Interface(GUI Fig. 4.6), where we display a randomized grid of all 12 colorization
for each template. Every participant was then asked to judge overall aesthetic appeal of each pattern
and select Top 3 (ones they like the most) and the Botfom 3 (least preferred ones) coloring suggestions.
Fig. 4.7 shows the obtained results. We observe that Artist versions are selected most often as a Top
3 patterns, closely followed by our model. In addition, the coloring suggestions using our models are
selected least as a Bottom 3 pattern (giving similar percentages to the artists versions). Results also
indicate the proposed algorithm was significantly preferred over the results generated using Pattern-
Color-By-Number. Fig. 4.8 compares the coloring suggestions generated by Pattern-Color-By-Number
and our methods. Our algorithm uses artist created patterns as reference and propagates the colors
from it to the template. The result suggest that the propagation algorithm is able to preserve favourable
aspects from the reference pattern, giving competent results even when compared to purely artist created

colorization for a different template.
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Template Our Suggestions - Lin et al. [28]

Figure 4.8 Figure shows colorization results for some of the templates (on the left) used for judgement
studies. It compare the coloring suggestions generated by our algorithm (in the middle column, left
images are the references and right images are the coloring suggestions) with the results of pattern
color-by-number (Lin et al. [28] on the right).
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4.4.2 Experiment-2

Here we evaluate our color transfer algorithm against state-of-the-art palette based pattern coloriza-
tion method PERCEPT [22]. The novel aspect of this study is that it only evaluates the color assignment,
since both the algorithms use the same palette. A similar perceptual study is conducted by Kim [22] in

comparison to Pattern-Color-by-Numbers.

Figure 4.9 Graphical User Interface (GUI) used in Experiment-2. The two coloring suggestions dis-
played on the GUI contains one using our algorithm and one using PERCEPT.

We recruited another 10 students with normal vision to conduct this study. The experiments are
performed on the same set of source gray-scale templates as used in the previous study. We generate
four colorization for each template using our model and four using PERCEPT. We re-use the same set
of 56 (4 coloring suggestions for each of the 14 unique templates) colorization generated by our model
in Experiment-1(Section 4.4.1). We re-compute the color assignments for each of the 56 images using
the PERCEPT assignment algorithm, keeping the same color palette and the template as used in our
model. The versions generated using our model vs PERCEPT, are then compared against each other
with the same template and palette pair.

We created another GUI for this study where we present a randomly ordered (left and right) grid of
two colored patterns for each of the 56 pairs (one pair at a time). User was asked to select the preferred
pattern. A ’Not Sure’ option was also provided, in case, the user did not have a clear preference among
the two. Figure 4.10 presents the result for this study. It can be observed that patterns coloring produced
by our approach are preferred by users over PERCEPT by a margin of 10%. This is an interesting
observation, as PERCEPT performs an exhaustive search of all possible assignments and evaluates them
on aesthetic score, hence the version generated using our approach would be one of the assignments.
This indicates that a pure aesthetic prediction model like PERCEPT, may not be always preferred by
the user. This also suggest that color graph and composition matching proposed in our model, helps to
exploit implicit aesthetic components regarding spatial arrangement of colors and provides better color

assignments.
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Figure 4.10 The percentage of times users preferred; our color transfer method; PERCEPT and NotSure
(when no clear preference).

Proposed colorization framework is quite generic and can further be extended to different colorization

tasks such as coloring webpages, infographics, cartoons, animations etc. Fig. 4.11 demonstrate some of

the coloring suggestions generated by our algorithm using our vector graphics dataset.
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Figure 4.11 Figure shows different coloring suggestions for the template images on the left. Result
demonstrate the utility of proposed colorization into different domains (first two images are cartoon

animations and last two are an infographics).
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Chapter 5

Conclusions

In this thesis, we discussed two algorithms, (1) Exploring the utility of SFR as ground truth for
image quality assessment to train a No-Reference IQA model. (2) An automatic colorization of graphics
designs by exploiting the color aesthetics from artists created images.

Our experiments on IQA have shown that previously used synthetic data for IQA do not cover the
distortions caused during real captures. And the models trained on synthetic data fails to predict image
quality for real captures. The GSFR dataset proposed in this work, contains the real images with varying
levels of degradation during the process of capture. The ground truth for image quality is measured as
SFR on the slanted edges placed around the images. The dataset contains various types of textures
e.g. clothes, wood, magazines, documents, ID cards etc. We train a neural network using this data and
achieve high correlation with the ground truth SFR values. Also the network used in proposed method
is a shallow network with much less parameters as compared to state-of-the-art methods. We also test
our network on unseen IQA datasets for further testing and achieve state-of-the-art results for sharpness
related distortion types. Another benefit of our approach is that, it can capture the local variation in
image quality. In future, the proposed algorithm for quantifying sharpness based on MTF50 can be

extended to camera auto-focusing in real time.

We also proposed a novel approach for the automatic colorization of gray-scale graphic templates.
In contrast to previous approaches, our method tackles both the problems of palette selection and color
assignment in a unified framework. The colorization is posed as the propagation of colors from a
retrieved artist-colored reference image to input template. The propagation problem is formulated as a
color graph and matching between reference and template image. Using two separate judgment studies,
we show that the coloring suggestions generated using our model are preferred over state of the art
approaches for patterns colorization.

The adaptability of our approach is demonstrated using results on a variety of applications, including
graphics arts, infographics and cartoon images. The polynomial-time complexity of our model makes
it suitable for coloring the templates, even with a large number of distinct color groups. Figure 4.11
demonstrates some of the qualitative examples with cartoon templates having only a few colors (second

row) to infographics with a large number of distinct colors (rows 3 and 4). Our model attempts to
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preserve the original look and feel of the artist by preserving neighborhood and compositions of colors
from the reference image. Future work would further explore the adoption of the proposed approach in
applications like websites and interior designs and also explore extensions of the framework for colors

suggestion for a partially colored template or color suggestions to replace only particular color group.
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