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Abstract

Human mind processes the information in a complex fashion including utilization of color,
shape, texture and symmetry related meta information. but in conjunction with a strong
(domain) knowledge, these can boost the overall performance. Inspired from this ob-
servation, we present a novel approach in building learning based COST-S space. This
space consists of meta-level features obtained from dictionary learning and combining it
with task specific classifiers such as DenseNet for object recognition. Confidence based
fusion mechanism is presented to supplement a task specific classifier using the proposed
COST-S representation. The performance of the proposed framework is evaluated on four
benchmark face recognition datasets: (i) Disguised Faces in the Wild (DFW), (ii) Labeled
faces in the wild (LFW), (iii) IIITD Plastic Surgery dataset, and (iv) Point and Shoot
Challenge (PaSC). Experimental results show the robustness of the proposed framework,
in terms of improvement in face recognition accuracy.

Keywords: Dictionary Learning, Transfer Learning, DenseNet
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Chapter 1

Introduction

Taking help and incorporating information in a way the human mind perceives it, has
time and again helped and improved the success at tasks being attempted to be solved
using artificially intelligent systems. The idea of Neural Nets and perceptrons can be
considered a fine example of such incorporation. Neural networks try to mimic neurons
in the brain which produce certain response based on the neural input. Also another
relevant example could be in domain adaptation, similar to human mind, it tries to use
knowledge obtained in one domain and applies it to a different domain to better perform
at the task on hand.

The success of supervised machine learning classifiers has been affected by the unavail-
ability of large volumes of labeled data. Labeling data is an arduous and time-intensive
job with the requirement of experts and skills, in most cases. To overcome this challenge,
researchers have attempted transfer learning based solutions from diverse perspectives
which can be broadly grouped into two categories: (i) data level solutions, and (ii) model
level solutions.

1. Data level solutions: The main idea is to augment the unlabeled and labeled data
to better learn the original data distribution, explicitly or implicitly. Data augmen-
tation could be performed by simply repeating the data with small variations [30].
Recently the volume of labeled data is increased by synthetically introducing data
veracity [12].

2. Model level solutions: Mapping the data distribution to the labels require large
labeled data. Due to insufficient train data, the mapping model suffers in not being
able to learn the best parameters and converge at a global optima. To bootstrap
training, these models are often initialized with weights pre-trained on a different,
but related dataset [19]. Transfer learning provides the solution to transfer knowl-
edge from the source domain (having large amounts of data) to the target domain
(having limited data). There are two broad approaches to transfer knowledge: (i)
domain adaptation [29]: where the source domain is learnt independently of the
target domain and later the covariance shift between the source and target domain
is accounted for, and (ii) domain generalization [25]: where the source and target
domain are learnt together in a multi-task setting.
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Football Basketball Tennis ball

- Color        : White, Black
- Shape       : Circle
- Texture     : Chequered
- Symmetry : Patches

- Color         : Brown
- Shape       : Circle
- Texture     : Grooved
- Symmetry : Black Lines

- Color        : Green
- Shape       : Circle
- Texture     : Pitted
- Symmetry : White Line

Figure 1.1: A motivating example of performing ball classification using supervised classifier
trained on task specific SIFT features. Additional intuitive visual cues such as color, shape, and
texture could potentially supplement the performance of any supervised classifier.

Similar to the motivation and goal of domain adaptation, and drawing from the visual
cues like color, shape, texture and symmetry which a human mind employs [4] [24] in
addition to the task specific features, we propose a novel approach for object recognition.

The general intuition and motivation behind our incorporation of color, shape, texture
and symmetry can be drawn from the following example (refer Fig 1.1). Whenever we use
the word ball, we automatically visualize a round object although some of may imagine a
tennis ball, some football and some maybe even basketballs. But with a high probability
we associate a ball to being round. We have similar preconceptions for things such as
beds being rectangular/square, sky being blue, flower petals being symmetrical and many
more. Such representations in our brain can often help us even identify unknown objects
by relating to to what we usually see. This paper propose a novel idea of learning basic
visual cues from a generic dataset and perform classification using the learnt visual cues.
The idea is motivated from our previous work [35] which focused on face recognition in
altered face images. In this work we also study the performance impact of the proposed
approach across four different challenges of face recognition: (i) face recognition with
disguise using Disguised Faces in the Wild dataset [32], (ii) completely unconstrained face
recognition using Labeled Faces in the Wild (LFW) dataset [15], (iii) Low resolution face
recognition using the Point and Shoot Challenge (PaSC) dataset [2], and (iv) variations
due to plastic surgery using the IIITD Plastic Surgery dataset [33].
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Chapter 2

Literature Review

Table 2.1 summarizes the existing approaches being applied to face recognition and
majorly pertaining to the datasets under consideration.

Table 2.1: A summary of existing approaches on face recognition on the addressed datasets.

Dataset Algorithm Description

Disguised Faces:

Disguised

Faces in the Wild (DFW)

AEFRL [34] Cropped face images are obtained
using MTCNN [41] and features
are extracted for these as well as
flipped images using multiple net-
works. Concatenated feature vec-
tors are used for cosine distance
based matching.

MEDC Cropped face images are obtained
using MTCNN and features are
extracted using Center Face [37],
Sphere Face [17] and and ResNet-
18 [13] trained on MS-CELEB-
1M [10]. Matching is done sepa-
rately for each and average value
is used.

UMDNets [1] All-in-one network [27] is used for
Face detection followed by feature
extraction and matching using
two separate networks.Average of
the two scores are used for final
results.
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ByteFace Face detection is performed us-
ing MTCNN and provided coordi-
nates. Three separate CNN’s pre-
trained on CASIA Webface [39]
are trained using different losses
and average scores are used for
classification.

MiRA-Face [40] Context Switching technique for
aligned and unaligned images by
using two separate CNN’s. Align-
ment performed using Recurrent
Scale Approximation (RSA) [18]
and MTCNN.

BTAS(2018) [35] Incorporates meta level image
features to assist the task specific
classifier using score fusion doing
weighted average of the two co-
sine similarity scores.

Plastic Surgery:

IIITD Plastic Surgery

Multiobjective
Evolutionary Algo-
rithm [3]

Non-disjoint granules are gener-
ated at different granularity lev-
els and this information is used
in a multiobjective manner to
optimise feature extraction and
weight of granules.

Scattering Trans-
form [11]

Feature extraction using invariant
scattering transform to compute
translation invariant representa-
tion at local and global levels.

TPLBP [38] Three patch local binary pat-
terns.

Unconstrained Face

Matching:

LFW and PaSC

JFL [21] Unsupervised joint feature learn-
ing for deep architectures.

CSSE [23] Supervised encoder where the su-
pervision penalty is imposed us-
ing L2,1 norm

GaussianFace [20] Multitask learning based on the
Discriminative Gaussian Process
Latent Variable Model

FaceNet [31] A deep metric learning based ap-
proach to learn embeddings using
triplets.
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SSAE [9] Deep supervised stacked denois-
ing auto encoders for single image
face recognition/verification.

vi



Chapter 3

Proposed Algorithm 1: COST
Dictionary

The basic principle of the proposed approach is to independently learn the representation
of colors, shapes, and textures from a generic dataset. The representation is learnt using
an unsupervised dictionary learning method based on stagewise least angle regression
(st-LARS) [8] approach. Under the scenario where there is limited labeled data for a
supervised classification task, two independent classifiers are trained (i) using the task
specific features/models, such as the pre-trained DenseNet for face recognition, and (ii) a
neural network classifier trained using the features projected on the dictionary space.

3.1 Building the COST Space

Let XC , XS, and XT be the generic image dataset on color, shape, and texture subtypes,
respectively and YC , YS, and YT be the corresponding number of classes. The purpose is
to create a constrained image dataset with variations only within its subtype, such that,
an unsupervised model could learn the variational representation of the subtype.

3.1.1 Color dataset

For the color subtype, we used 10 classes (YC) namely: red, green, blue, yellow, magenta,
cyan, black, white, brown, and orange. The images are generated pixel-wise such that
each pixel will have a (R, G, B) within a constrained range of the base class color. For
example, while generating an image of class “red”, every pixel is chosen as a random
(R, G, B) value in the range (200 − 255, 0 − 255, 0 − 255). Thus, predominantly the
image would have a red color with speckle noise to introduce variations while learning the
representation of red color. Each image is of size (250 × 250 × 3) and 1, 000 images are
generated per class, creating a total of 10, 000 images for the color subtype.
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Generic Image 
Dataset

Different Color Images
(10 classes)

Different Shape Images
(7 classes)

Different Texture Images
(47 classes)

Stagewise least angle regression (LARS)

Centroid Atoms 
for Color  

Centroid Atoms 
for Shape  

Centroid Atoms 
for Texture

Distance from the 
Centroids

Distance from the 
Centroids

Distance from the 
Centroids

Concatenated Features

Fusion

Dictionary
Learning

COST space 
classifier

DenseNet

Task Independent Learning

Task Dependent Learning
 Features

[10x1] [7x1] [47x1]

[64x1]

[150x1]
[100x1]

#classes

(Disguise/ Plastic 
Surgery)

Figure 3.1: The proposed approach of training the COST (Color (CO), Shape (S) and Texture
(T)) features based classifier to supplement a task dependent supervised classifier.

3.1.2 Shape dataset

For the shape subtype, we used 7 classes (YS) namely: lines, rectangle, circle, ellipse,
quadrilateral, pentagons, hexagons. On a black image, the shapes are generated with
varying color boundaries (10 colors), varying locations on the image, varying perimeter,
varying angle if possible and also varying boundary thickness (1− 5 pixels). Each image
is of size (250 × 250 × 3) and 1, 000 images are generated per class, creating a total of
7, 000 images for the shape subtype.

3.1.3 Texture dataset

For the texture subtype, we used the Describable Texture Dataset (DTD) [6] which
contains 5, 640 images from 47 different textures (YT ) with 120 images per class. The
images vary in size from (300×300×3) to (640×640×3), with at least 90% of the image
describing the corresponding texture. All the images are re-sized to (250 × 250 × 3) for
our experiments.

These three datasets are utilized to learn the basic representation of colors, shapes, and
texture in the visual domain. While this research work focuses on these three subtypes,
an obvious extension is to include additional subtypes and additional classes within each
subtype.
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Figure 3.2: Dictionary atoms learnt from the texture images subset.

3.2 Learning the COST Dictionary

For an object classification task, we aim to extract three basic visual cues - color, shape,
and texture. The aim is to learn a COST feature space representation using different
colors, shapes, and texture through an unsupervised learning method. A supervised
classifier could be independently trained over these COST features, which learns the
mapping of color ci, shape si, and texture ti to the object class. This supervised classifier
could be trained for any task and for any dataset due to the generic, task independent
nature of the features. For learning the dictionary feature from the color images, the
optimization function is described as follows,

min

 1

M

M∑
i=1

min
h
(i)
C
||X(i)

C −
Dictionary︷︸︸︷
DC h

(i)
C ||

2
2︸ ︷︷ ︸

Reconstruction Error

+λC ||h(i)C ||1︸ ︷︷ ︸
Sparsity

 (3.1)

where, X
(i)
C represents the ith image sample, DC is the learnt dictionary, h

(i)
C is the feature

representation learnt for the ith image sample, λC is the sparsity controlling parameter,
||.||p denotes the `p-norm, and M is the total number of samples used for training. The

function learns the sparse representation h
(i)
C and the dictionary model DC that minimizes

the overall reconstruction error.

In the dictionary learning approach, while `0-norm could achieve an ideal sparsity solution,
it is not differentiable and hence the optimization function becomes NP-hard. The basis
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pursuit [5] and LASSO [36] are two popular greedy approaches used to replace the `0-
norm with `1-norm, but with the trade off of having a high computational complexity.
Thus, we adopt the idea of st-LARS (Stagewise Linear Angle Regression) to approximate
using a greedy technique but in linear computational time. A similar optimization function
is used to learn the dictionary representation of shape and texture images. Figure 3.2
shows a visualization of the dictionary learnt for the texture dataset.

Note that any unsupervised feature learning approach could provide a similar optimization
function, as provided in Equation (1), and thus can be interchangeably used. The primary

advantage of using a dictionary learning based approach is that it encodes h
(i)
C as a complex

function of the input X
(i)
C as follows [22]:

hC(X
(i)
C ) = argmin

h
(i)
C
||X(i)

C −DCh
(i)
C ||

2
2 + λC ||h(i)C ||1 (3.2)

Using the training images, features are obtained independently for color, shape, and
texture images. From these color, shape and texture images the centroids of each class
(10 in case of color) are computed. A total of 64 centroids, i.e. 10 for color, 7 for shape,
and 47 for texture are obtained. Any image can now be represented as a fixed length vector
64 × 1 as its Euclidean distance from these 64 centroids after getting the coefficients of
the image corresponding to the learnt dictionaries. Using the limited labeled data and
shape, color, and texture feature models, we train a two hidden layer, neural network
based classifier. As the features are the distance from the class centroids, they represent
the dominant colors, shapes, and texture in the image which the neural network utilizes
for the classification task at hand. Thus, these features could be used to supplement any
task specific classifier that are learnt on top of a human engineered or automatically learnt
features.

3.3 DenseNet: Task Dependent Supervised Classifier

To show the generic nature of the proposed framework, we choose an off-the-shelf deep
learning model, DenseNet [14], as the task dependent supervised classifier. The DenseNet
is pre-trained on the ImageNet dataset [7] and is further fine-tuned on the different
datasets used in this research. DenseNet is one of the state-of-art deep learning models for
object classification and thus, an improvement to this model by the proposed framework
can showcase the effectiveness of the COST based learning. In this research, the DenseNet-
121 having 121 trainable layers with three dense blocks, is useful in extracting highly local
and complex features from the given input image. As shown in Figure 4.1, each dense
block in DenseNet consists of a sequence of convolution layer, where every layer takes as
input all the preceding layers’ response within that block.

Two kinds of classification experiments are performed to show the diversity of proposed
framework: (i) identification is an n-class classification setting, where the input image
is classified to one of the available classes, and (ii) verification is a binary classification
setting, where two images are compared to verify if they belong to the same class or
not. The last fully connected layer of the DenseNet is removed and replaced with a
fully connected layer with number of nodes equal to the number of classes in case of
identification or two nodes in case of verification.
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3.4 Classifier Fusion

In this section, we present the classifier fusion approaches for verification and identification
scenarios.

Verification: To perform verification, distance between the two images of a pair is
calculated using the softmax activations of the corresponding network (separately for
COST dictionary based neural network and DenseNet). A weighted sum of the distances
computed using COST dictionary based neural network’s output and DenseNet based
features is computed. The equation of score fusion is written as follows:

dist(i)new = α.dist
(i)
cost + (1− α).dist

(i)
supervised (3.3)

where dist
(i)
cost is the COST feature space based distance, dist

(i)
supervised is the distance cal-

culated using the output of the supervised classifier and dist(i)new is the combined distance.
α is used to decide the weights given to the two distances being combined.

Identification: For performing identification, score of a probe is calculated with respect
to all images present in the gallery set. Based on the distances obtained, the rank at which
each sample is correctly identified is computed. These identification accuracies are then
used for computing the Cumulative Match Characteristic (CMC) curve.

3.5 Implementation details

Color, shape and texture dataset images are resized to (64×64×3) for dictionary learning
based feature extraction and face images are resized to (224 × 224 × 3) for DenseNet
based feature extraction. The dictionary learning algorithm is executed for 100 epochs,
the COST feature based neural network classifier is executed for 20, 000 epochs, and
DenseNet is finetuned for 100 epochs. For classifier fusion, the α parameter is obtained
through extensive grid search as α = 0.3.
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Chapter 4

Proposed Algorithm 2: COST-S
Dictionary

The current approach is an extension of the initial work which was accepted earlier. 1 In
a nutshell, the current approach aims to learn four different types of representation, one
each for color, shape, texture and symmetry attributes. The representations are learnt
using dictionary learning, and the learnt dictionaries are then used to find the attribute
specific representation of a given input image. The new representation is then used further
for classification and verification by aiding an off the shelf state of the art deep learning
classifier. In our work we use DenseNet but the proposed approach can be supplemented
with any classifier by extracting the feature vector. The following sections explain the
dataset generation and fusion procedures used to create the attribute specific datasets
and the methodology used to combine the predictions from the branches of the pipeline.

4.1 Color, Shape, Texture and Symmetry attributes

space

We gathered/synthesized images corresponding to the four different attributes of images
namely color, texture, shapes and symmetry. The purpose of creating these datasets was
to capture variations in these attributes so that the Dictionary Learning algorithm can
learn good representations for each of these.

For the color attributes (Xc), we created 64 classes corresponding to the 6 bit color palette.
For each color present in the palette, corresponding (R, G, B) value was found, which was
used to fill the pixels for the image. For each image being generated, with a probability of
0.1 the pixel was set to white. This was done to bring in randomness while still keeping
the dominant color of the image as it is. The images generated were of size (64× 64× 3)
and we generated a total of 100 images per class. Thus a total of 6400 images were
generated for the color attribute.

1The work was published in the 9th IEEE International Conference on Biometrics: Theory, Applica-
tions, and Systems as a full paper titled: ”On Matching Faces with Alterations due to Plastic Surgery
and Disguise”
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For the shape attributes (Xsh), we created 14 classes namely: line, rectangle, square,
circle, ellipse, triangle, quadrilateral, pentagon, hexagon, octagon, nonagon, decagon,
hendecagon and dodecagon. To generate each of the shapes random number generator
was used to generate radius values, lengths of major/minor axes and points corresponding
to the vertices of the figures. As for the shapes being generated, the inside regions of the
images was kept white, while the exterior region was black. The (64×64) greyscale images
was tiled thrice to create a (64× 64× 3) image to be consistent with images being used
for other attributes as well.

For the texture attribute (Xt), we used the Describable Texture Dataset (DTD) [6]. The
dataset consists of 47 classes with 120 images per class thus leading to a total of 5640
images. The images are of sizes ranging from (300 × 300 × 3) to (640 × 640 × 3), with
atleast 90% of the image region representing the corresponding texture class. In order to
learn the dictionaries all images were resized to (64× 64× 3).

For the symmetry attributes (Xsy), we generated different symmetrical patterns using the
following equations:

g(r, θ) =
1 + cos (ωf(r, θ))

2
(4.1)

where f(r, θ) is defined as:

f(r, θ) =

{
retan(

α
2
)θ n = 2

r(1−
n
2
) cos ((n

2
− 1)θ + α

2
) n 6= 2

}
(4.2)

The different classes were created using different values of n. We used n values corre-
sponding to 0, 1, 2, 3, 4, 5, 6,−1,−2,−3,−4 and −5. Thus we had a total of 12 classes.
Within each class variations were introduced by changing the values of α and ω. A total of
750 images were generated per class thus leading to a total dataset of symmetry attribute
images of size 9000 images. Each image was a greyscale (64× 64) image which was tiled
thrice to get (64× 64× 3) images as consistent with other attribute datasets.

4.2 Learning the Dictionary

Dictionary learning is a fairly common and straightforward approach to learn a sparse
representation of input data. The objective function minimized during the process of
learning the dictionaries can be written as follows:

minD

 1

M

M∑
i=1

minh(i) ||X(i) −
Dictionary︷︸︸︷
D h(i)||22︸ ︷︷ ︸

Reconstruction Error

+λ ||h(i)||1︸ ︷︷ ︸
Sparsity

 (4.3)

Here, X(i) represents the ith training sample, D is the dictionary being learnt, h(i) is the
sparse representation learnt for the ith training sample. λC is used to control the sparsity,
||.||p denotes the `p-norm, and M is the total number of samples used for training. In
general while `0 norm is ideal to impose sparsity, but its non differential nature makes `1
norm the more suitable choice. Unlike `0, `1 is pseudo-sparse. While basis pursuit [5] and
LASSO [36] are two popular greedy approaches used to replace the `0-norm with `1-norm,
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but have high computational complexity. So instead we use st-LARS (Stagewise Linear
Angle Regression) to approximate using a greedy technique but in linear computational
time.

Under our proposed approach we learn 4 separate dictionaries for each of the color, shape,
texture and symmetry attributes using images specific only to that particular attribute
and equation 4.3 gets changed to corresponding X where X ∈ [Xc, Xsh, Xsy, Xt]. Learn-
ing four different dictionaries is done to find representation of any input image in that
particular attributes domain. The generalisability of the algorithm comes from the fact
that once learnt, the same dictionaries can be used across datasets and across domains
to generate the sparse codes. The fact that the color, shape, texture and symmetry at-
tributes are generic and are present in all types of images is the rationale behind choosing
these specific attributes.

The advantage of using dictionary learning over other unsupervised learning approach is
that it can learn a sparse representation [22] h(X(i)) of the input using the following
equation:

hC(X
(i)
C ) = argmin

h
(i)
C
||X(i)

C −DCh
(i)
C ||

2
2 + λC ||h(i)C ||1 (4.4)

Generic Attributes 
Dataset

Color Specific 
Dictionary

Concatenated Sparse Representation

Fusion

Dictionary
Learning

DenseNet

Task Independent Learning

Task Dependent Learning

 Features

[400x1]

Color Images
(64 classes)

Shape Images
(64 classes) 

Texture Images
(47 classes)

Symmetry Images
(64 classes)

Shape Specific 
Dictionary

Texture Specific 
Dictionary

Symmetry Specific 
Dictionary

Figure 4.1: The proposed approach of training a COST-S based classifier to supplement a task
dependent supervised classifier.

4.3 Off the shelf Supervised Classifier

To show the effectiveness of the proposed approach in facilitating a task dependent clas-
sifier, we use DenseNet [14] in our experiments. DenseNet is a fairly new addition to the
successful attempts on tackling ILSVRC (Imagenet) [28] dataset and has shown promis-
able performance on other benchmark datasets like CIFAR-10 [16], CIFAR-100 [16] and

xiv



SVHN [26]. Each dense block in DenseNet consists of a sequence of convolution layer,
where every layer takes as input all the preceding layers’ response within that block and
two adjacent blacks are connected using a fully connected layer.
The following equation describes how the DenseNet works.

xl = Hl([x0, x1, ..., xl−1]) (4.5)

Where xl is the input to the lth layer of the block and Hl is the concatenation function.
Similar to DenseNet, any deep learning or non deep learning classifier can be chosen the
only condition being it should give the outputs as a feature representation of the input.
In our experiments we use the DenseNet-121 variant which as the name suggests has 121
trainable layers. The improvement in performance of the DenseNet model after fusing
the output with the dictionary learning approach is used to showcase the effectiveness
of the proposed framework given that it is improving upon an already state of the art
approach. The model being used is pre-trained on Imagenet and is fine-tuned to the
dataset under consideration. The network is finetuned in a Siamese manner using pairs
of images and having binary labels portraying a match pair or a non-match pair. This is
done for all datasets under consideration. Finally for the DenseNet as well as the COST-S
representation, match score is obtained using a gallery or another image corresponding
to the image pair using cosine similarity metric, which is then used to make the final
recognition decision.

4.4 Classifier Fusion

This section gives the fusion formulation used in the experiments.

Identification: For given labeled training data {(x(1)l , y(1)), (x
(2)
l , y(2)), . . . , (x

(m)
l , y(m))},

a task dependent supervised model is learnt, in a siamese manner. Based on the supervised
learning algorithm, the classification confidence is computed for the ith data point and is
given as conf

(i)
s = [c

(i)
s1 , c

(i)
s2 , . . . , c

(i)
sN ]. The mechanism to calculate the classification confi-

dence uses cosine similarity between the feature representations obtained using the deep
model and a fixed gallery set. Similarly, the COST-S learning can be used separately to get
a match score using cosine similarity as follows, conf

(i)
cost = [c

(i)
cost−s1, c

(i)
cost−s2, . . . , c

(i)
cost−sN ].

Note that, ŷs and ŷcost−s denote the predicted class from the supervised and COST-S space
based match scores by choosing the class belonging to the gallery image having highest
match score. A label switching mechanism is performed to give the final predicted label,
ŷ, as follows,

ŷ =

{
ŷs ∆ > th
ŷnew otherwise

}
(4.6)

where, th is the threshold for using the COST-S representation and the condition for
context ∆ is calculated as follows,

∆ = max
j

(
c
(i)
sj

)
−max

l 6=j

(
c
(i)
sl

)
(4.7)

In such cases where COST-S dictionary is used to boost the confidence of a supervised
classifier, the new label is computed as follows:

c
(i)
newK = λ.c

(i)
sK + (1− λ).c

(i)
cost−sK (4.8)
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ŷ(i)new = arg max
j

(
c
(i)
newj

)
(4.9)

where, λ is the trade-off parameter between COST-S representation and supervised clas-
sifier based representation and j = [1, 2, 3..., N ] where N represents the number of classes.
So we perform identification using verification by using a gallery and probe and the cosine
similarity as the match score.

Verification: For verification, a simple weighted sum of the cosine distances computed
using COST-S based representation and DenseNet based features was computed. The
equation of score fusion can be written as follows:

dist(i)new = α.dist
(i)
cost + (1− α).dist

(i)
supervised (4.10)
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Chapter 5

Face Recognition Datasets

Four different face recognition datasets are used corresponding to the different face recog-
nition and verification challenges. Sample images are shown in Figure 5.1. Face detection
and manual cropping was done to crop all images to the faces.

• Disguised Faces in the Wild (DFW): The DFW dataset consists of 1, 000
subjects with a total of 11, 157 images. The images are of four different types namely
normal, disguised, validation and impersonator images. The training set consists of
400 subjects and the rest belong to the test set. Along with the images, bounding
box for the face under consideration are provided which have been computed using
Faster-RCNN. The results have been reported on the pre-defined protocols.

• Labeled Faces in the Wild (LFW): This dataset has 13, 233 face images of 5, 749
subjects collected from the web as detected by the Viola-Jones face detector. 1, 680
subjects have more than one image in the dataset. As these images are downloaded
from the web, they are highly unconstrained. Using the predefined protocol which
consists of reporting the results on 10 folds, the results are reported as verification
accuracy at Equal Error Rate (EER).

• Point and Shoot Challenge (PaSC): The PaSC “Still Image Target and Query
Sets (still-to-still)” dataset contains 9, 376 images of 293 people. The images are
captured using an inexpensive point-and-shoot camera and thus are of very poor
quality and resolution. Using the predefined protocol, the results are reported as
True Accept Rate (TAR) @1% False Accept Rate (FAR).

• IIIT-D Plastic Surgery Dataset: The dataset consists of 900 subjects. For each
subject their are pre and post surgery images. The dataset includes images from
patients who have undergone a variety of alterations including but not limited to
nose-job, liposuction, browlift, facelift and chin modifications. The original proto-
col [33] with 40 − 60 train-test split and 10 fold cross validation is used for the
experiments. Results are reported using rankwise identification accuracies.
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IIITD Plastic Surgery 
Dataset

Disguised Faces in the Wild 
(DFW)

Labelled Faces in the 
Wild (LFW)

Point and Shoot 
Challenge (PaSC)

Disguise Plastic Surgery

Unconstrained Scenario

Figure 5.1: Sample images for the datasets used in our experiments.

5.1 Experimental Protocol

All the images in all datasets used are resized to (64 × 64 × 3) for dictionary learning
based feature extraction and (224× 224× 3) for DenseNet based feature extraction. For
fusing the scores obtained from the supervised classifier and COST-S based classifier, the
hyper-parameters corresponding to th , λ and α were found through extensive grid search.
A summary of the protocols for the datasets used are as follows:

• IIITD Plastic Surgery Dataset: For training and testing, the dataset follows
a 10 fold cross validation. In each fold 60% data is kept into testing and 40% in
training. Mean Identification Accuracies at different ranks are used to compare the
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results.

• DFW: The DFW dataset has three separate protocols namely Protocol 1, Protocol
2 and Protocol 3 focusing on impersonation, obfuscation and overall performance
respectively.
Protocol 1 measures the models ability to distinguish between genuine and imper-
sonators. Genuine pairs a formed using the normal and validation image while
impostor pairs are formed using impersonator image paired with validation, normal
and disguised images of the subject.
Protocol 2 measures the models ability to perform in scenarios of intentional or
unintentional disguise. The positive pairs correspond to (normal, disguise), (valida-
tion, disguise) and (disguise, disguise) images of the subject. The negative pairs are
generated using normal, validation and disguised images of one subject with these
images of another subject.
Protocol 3 evaluates the model on the entire dataset. The genuine image pairs
are created using (normal, disguise), (normal, validation), (validation, disguise) and
(disguise, disguise) images of the same subject. The negative pairs are generated us-
ing normal, disguised and validation images of two subjects. Also to create negative
pairs, impersonator images of a subject are combined with the validation, normal
and disguised images of the same subject.

• LFW: The LFW dataset follows 10 fold cross validation using predetermined splits
which are provided with the dataset. Leave one out strategy is used to create the
train and test splits. Finally the mean accuracy is reported by aggregating the
accuracy of each of the folds at Equal Error Rate.

• PaSC: The PaSC stills used image to image matching using the predefined protocol.
To compare the results, the GAR values are reported at 1% FAR.
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Algorithm Metric Results

JFL [21]

GAR @ 1% FAR

32.0
PittPatt+ 41.0

L-CSSE + KSRC [23] 54.0
COST Dictionary + DenseNet [35] 64.4

COST-S Dictionary 40.2
DenseNet 53.6
Proposed 70.9

Table 5.1: Verification results on PaSC dataset and comparison with state of the art approaches.
+SDK 5.2.2 version of an algorithm developed by Pittsburgh Pattern Recognition (PittPatt)

Algorithm
1% FAR 0.1% FAR

Protocol 1 Protocol 2 Protocol 3 Protocol 1 Protocol 2 Protocol 3

VGG-Face (Baseline) 52.8 31.5 33.8 27.1 15.7 17.7

AEFRL [34] 96.8 87.8 87.9 57.6 77.1 75.5

MEDC 91.3 81.3 81.3 55.5 65.1 63.2

UMDNets [1] 94.3 86.6 86.8 53.3 74.7 72.9

ByteFace 75.5 77.0 75.5 55.1 21.5 54.2

MiRA-Face [40] 95.5 90.7 90.6 51.1 80.6 79.3

BTAS 2018 [35] 92.1 87.1 87.6 62.2 72.1 71.5

COST-S Dictionary 38.3 36.7 37.4 22.4 19.9 20.8

DenseNet 89.8 82.9 83.1 59.6 64.4 64.1

Proposed 96.9 90.6 90.9 65.3 79.2 79.8

Table 5.2: Verification accuracy at 1% and 0.1% FAR on the DFW dataset. Comparisons have
been done with baseline and existing approaches.

5.2 Results

We evaluated the effectiveness of the proposed approach on various datasets. Observa-
tions for each of them are as follows.

On the PaSC dataset we achieve a GAR of 70.9% at 1% FAR which is a 16.9% improve-
ment over the current state of the art result. Table 5.1 shows the results on PaSC dataset
using both COST and COST-S based fusion. Fig 5.2 shows the ROC on PaSC dataset
using COST framework.

On the DFW dataset too we achieve the best GAR values for both Protocol 1 and 3, and
the second best results on protocol 2 under both cases of 1% as well as 0.1% FAR. Also in
comparison to our BTAS 2018 [35] work we show improvement in all cases. On Protocol 1
we improve our performance by 4.7% and 3.1% for FAR values 1% and 0.1% respectively.
On Protocol 2 we improve our performance by 3.5% and 7.1% for FAR values 1% and
0.1% respectively. On Protocol 3 we improve our performance by 3.3% and 8.3% for FAR
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Figure 5.2: Face verification using the proposed algorithm using COST Dictionary on the PaSC
dataset
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Figure 5.3: Face verification using the proposed algorithm on the DFW dataset
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Algorithm Metric Results

GaussianFace [20]

EER

98.5
Facenet [31] 99.6

L-CSSE + KSRC [23] 95.7
COST Dictionary + DenseNet 99.1

COST-S Dictionary [35] 82.6
DenseNet 97.5
Proposed 99.4

Table 5.3: Verification results on LFW dataset and comparison with state of the art approaches.
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Figure 5.4: Face verification using the proposed algorithm using COST Dictionary on the LFW
dataset

values 1% and 0.1% respectively. Given these values, we would have ranked 1st in the
DFW challenge on protocol 1 and 3 and 2nd on Protocol 2. Table 5.2 summarizes the
results obtained on this dataset. Fig. 5.3 shows the ROC curve for Protocol 3 on using
the COST approach.

On the LFW Dataset we achieve 99.4% verification accuracy at EER which is quite close
to the FaceNet [31] performance with 99.6% accuracy at EER. Table 5.3 contains the
comparison with results of other state of the art algorithms on LFW. Fig. 5.4 shows the
ROC obtained for the LFW dataset using COST framework.

On the IIITD Plastic Surgery Dataset we again achieve state of the art results and Table
5.4 summarizes these results. Fig. 5.5 and 5.6 show the CMC and ROC on the dataset
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Figure 5.5: CMC curve for the proposed algorithm using COST Dictionary on the IIITD Plastic
Surgery Face dataset
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Figure 5.6: Face verification using the proposed algorithm using COST Dictionary on the IIITD
Plastic Surgery Face dataset
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Algorithm Rank1 Rank5 Rank10

TPLBP [38] 70.33 85.33 88.70
Bhatt et al. [3] 87.32 92.05 97.26
I. Gupta [11] 85.43 95.91 97.61
BTAS 2018 [35] 91.75 96.89 99.41
COST-S Dictio-
nary [11]

59.39 64.84 68.02

DenseNet [11] 89.01 92.76 96.60
Proposed [11] 92.96 97.04 98.65

Table 5.4: Rankwise identification accuracy on IIITD Plastic Surgery Dataset

Original Face Image

Disguise Face Image Imposter Face Image

Distance with
1. Shape cluster: Low
2. Color cluster: Low
3. Texture cluster: High
4. Overall: Low 

Distance with
1. Shape cluster: High
2. Color cluster: Low
3. Texture cluster: High
4. Overall: High 

Figure 5.7: Example to showcase the necessity of adding COST based representation to a deep
network.

using COST framework.

5.3 Observations

The COST-S and COST Dictionary in the proposed frameworks capture the high level
meta information of the given face image that aids in the classification task. A deep learn-
ing model such as DenseNet would capture the complex relationship between the pixels in
its hidden layers, while supplementing basic visual cues and meta information, could en-
rich the feature representation. Consider the two celebrity face images in Figure 5.8 as an
example to describe the value addition of the COST-S features. Evidently, the face in Fig-
ure 5.8(a) has an overall round-shaped face while Figure 5.8(b) has a rectangular-shaped
face and their is noticeable difference in the skin complexion as well. Also in the overall
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(a) Serena Williams (b) Angelina Jolie

Figure 5.8: Example to showcase the necessity of adding Color information to deep network.

image, the texture and the color of the hair and other facial feature are different. Exper-
imentally we saw that for Angelinas (Figure 5.8(b)) face all the light colors are activated
while for Serenas face (Figure 5.8(a)) darker colors like black and brown are primarily
activated. Similarly, we observed that Angelinas face was closer to rectangles centroid as
compared to circle and ellipse. The centroids were calculated using the representations
obtained for each of the attribute representations of that class using the corresponding
shape, color, texture or symmetry dictionary. As another example consider the celebrity
face of Tom Hanks, as shown in Figure 5.7, as an example to describe the value addition of
the COST features. Visually, the imposter face image and the disguise face image of Tom
Hanks might not look very different from the original image. However, the distance of
the original image from the genuine and imposter image in the color, shape, and texture
clusters provides more interpretable information. The disguise face image has a higher
distance only in the texture cluster suggesting that there is much variation only in the
texture between the two images. While the imposter image has high variation in shape,
texture, and overall distance. Thus, the idea of COST and COST-S feature space is to
capture the meta information from a face image and supplement it with the complex deep
learning model, to improve the overall performance of face recognition and classification.
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Chapter 6

Conclusion

Inspired from how humans perceive images, this paper presents a novel framework of
learning a COST-S space for visual processing. The representation for shape, color,
texture and symmetry are learnt using unsupervised dictionary learning approach from a
carefully curated generic image dataset. The proposed representation space is utilized to
supplement a task specific classifier for improved performance. The proposed framework is
studied on different face recognition tasks across four datasets: Disguised Faces in the Wild
(DFW), Labeled Faces in the Wild (LFW), IIITD Plastic Surgery dataset and Point and
Shoot dataset (PaSC). An off the shelf state-of-art deep learning model, DenseNet-121, is
used for face recognition. Experimentally, we showed that supplementing DenseNet-121
with the proposed representation based classifier/distance improved the performance of
the overall framework. As future work, we aim to further improve the framework by
incorporating saliency to the dictionary learning framework which we feel would help
learn more focused dictionaries.
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