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Abstract

The traditional task of locating suspects using forensic sketches posted on public spaces, news,
and social media can be a difficult task. Recent methods that use computer vision to improve this
process present limitations, as they either do not use end-to-end networks for sketch recognition
in police databases (which generally improve performance) or/and do not offer a photo-realistic
representation of the sketch that could be used as an alternative should the automatic matching
process fail. This dissertation proposes a method that combines these two properties, using a
conditional generative adversarial network (cCGAN) and a pre-trained face recognition network that
are jointly optimised as an end-to-end model. While the model can identify a short list of potential
suspects in a given database, the cGAN offers an intermediate realistic face representation to
support an alternative manual matching process. Evaluation on sketch-photo pairs from the CUFS
and CUFSF databases reveal the proposed method outperforms the state-of-the-art in most tasks,
and that forcing an intermediate photo-realistic representation only results in a small performance
decrease.
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“The difference between ordinary and extraordinary is that little extra.”

Jimmy Johnson
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Chapter 1

Introduction

When a crime is committed there are occasions when a picture of the suspect is not available.
In these cases, an artist draws a forensic sketch of the suspect based on descriptions from eye
witnesses. These sketches are typically posted in public places and in the media with the hope that
someone in the public recognizes the suspect and helps to identify and locate them. This process is
typically slow and inefficient to provide a service that needs to be quick and accurate. Therefore,
there is a need to make this process faster and more efficient, so that the suspect can be located as
quickly as possible.

Over the years, convolutional neural networks (CNN) have been very successful for several
pattern recognition and computer vision tasks, including that of face recognition. Recent publi-
cations in this topic often report significantly improved accuracy in the matching process when
using deep learning methodologies (Taigman et al., 2014; Sun et al., 2014; Parkhi et al., 2015b;
Ranjan et al., 2017; Deng et al., 2018; Wang and Deng, 2018). However, face recognition based
on photos or video is obviously an easier task than face recognition based forensic sketches, since
a sketch might not be the most accurate representation of an individual, as it was drawn based on
descriptions from eye witnesses (Pramanik and Bhattacharjee, 2013).

Sketch-to-face matching consists of matching a sketch to a real picture of a person. Typically
the n most similar individuals to the sketch are chosen from a database of face images, to narrow
down the list of suspects (n is an arbitrary number).

On the problem of sketch-to-face matching, several recent state-of-the-art methods have also
used CNNs to match a sketch to the corresponding identity (Iranmanesh et al., 2018; Osahor
et al., 2020; Kazemi et al., 2018; Chao et al., 2019). However, several of these do not take full
advantage of the potential of deep learning as they are not end-to-end deep approaches. Jointly
optimised end-to-end deep models are able to use all information carried by the input data as
effectively as possible, as shown in the literature (e.g., by the state-of-the-art in end-to-end face
recognition). However, including processes that are manually tuned or separately optimised can

cause dissonance between different processes and limit achievable performance.

One of the examples of separate processes in sketch-to-face matching is the prior transforma-

tion of a sketch to resemble a real face photo. Several literature approaches apply such transforma-
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tions including, more recently, sophisticated adversarial methods based on CycleGANs (Kazemi
et al., 2018) and cGANs (Osahor et al., 2020; Chao et al., 2019). Having a photo-realistic repre-
sentation of the suspect’s face is a great advantage for manual identification when the automatic
matching process fails to deliver useful results. Nevertheless, the separate optimisation of these

processes will, as aforementioned, induce performance limitations.

1.1 Objectives

This dissertation tackles two important aspects of forensic sketch-to-face matching, that have
not yet been addressed in the literature. The first aspect is avoiding the combination of sepa-
rate processes that are individually optimised, which often limits achievable performance, instead
proposing an end-to-end jointly optimised model. The second aspect is enforcing this end-to-end
model to offer an intermediate representation that is photo-realistic, so the authorities have access
to a realistic face rendering that will help manual identification of the suspect.

To achieve these, we propose an end-to-end model composed of a conditional generative ad-
versarial network (cGAN) and a matching CNN that are jointly optimised. When trained, the
model receives a sketch and returns a template that can be used for matching using simple dis-
tance metrics. Although the approach is end-to-end, the training strategy induces the cGAN to
generate intermediate latent representations that look realistic and are similar to the correspond-
ing real photographs. Hence, we avoid the performance limits often linked to non-end-to-end
approaches, while retaining the intermediate realistic images that could help an alternative manual

identification process.

1.2 Contribution

The method proposed in this dissertation improves current methodologies by developing an
end-to-end model which optimizes the model as a whole. This improves the accuracy of the
matching process, while also forcing an intermediate realistic representation of the sketch that can
also be used with a manual matching method.

In case the realistic representation of the sketch is not necessary and the only concern is the
matching accuracy we can remove the loss component related to the realistic representation and
optimize the model for matching, which significantly improves the accuracy.

The work in this dissertation was included in an article that was submitted for the 2020 Inter-

national Joint Conference on Biometrics (IJCB 2020).

1.3 Document Structure

In addition to the introduction, this dissertation contains five more chapters. In Chapter 2
the basic version of the algorithms referenced in this dissertation are explained, and the state

of the art is reviewed. In Chapter 3 a solution to this problem is proposed. In Chapter 4 the
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experimental settings are described and some of the experiments that were performed to reach our
final methodology are presented. In Chapter 5 we show the results and the performance of the

proposed methodology. In Chapter 6 the final conclusions and future work are presented.
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Chapter 2

Related Work

In this chapter, the fundamental concepts behind the algorithms used and referenced through-
out this dissertation are introduced. We also review some of the methods used for image generation
and for face matching that have been developed over the years using machine learning. With this
survey of related work, we aim to discuss and understand the flaws of current algorithms. This
helped shape the proposed algorithm to address problems and limitations with current methodolo-

gies.

2.1 Background Knowledge

2.1.1 Convolutional Neural Networks

A CNN is a type of Deep Neural Network that is commonly used for image analysis (O’Shea
and Nash, 2015; Gu et al., 2015). The main difference between a Convolutional Neural Network
and a Fully Connected Neural Network is the use of convolutional layers.

Each convolutional layer is comprised of filters. Filters can have an arbitrary height and width,
but will have a depth equal to the depth of the current input. These filters are adjusted during
training using backpropagation, which allows a trained network to extract the relevant features in
an image and pass them to the next layer.

Pooling layers are used to reduce the dimension of the data outputted by the previous layer
of the network. Max pooling extracts the maximum value within the kernel window. Average
pooling calculates the average of the values within the kernel window.

CNNs can use a Fully Connected Neural Network, with an activation function such as softmax
at the end, if it is a classification problem. Figure 2.1 shows an example of a Convolutional Neural

Network used to classify handwritten digits.
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Figure 2.1: Convolutional Neural Network used to detect handwritten digits (Image extracted from
the paper O’Shea and Nash (2015)).

2.1.2 Generative Adversarial Networks

GANs have been around since 2014, when Goodfellow et al. (2014) first proposed the idea.
They have become very popular nowadays when it comes to image generation, and many vari-
ations to the original paper have been published. An example of a GAN can be seen in Figure
2.2.

A Generative Adversarial Network consists of two networks: a generator and a discriminator.
The objective of a GAN is to generate images that are indistinguishable from the training dataset.
When training, the two networks are adversaries, in the sense that each network is constantly

trying to become better than the other.

The generator network takes as input a random vector of numbers and outputs an image. The
discriminator takes as input an image and outputs the probability of it being real. In other words,
the generator creates images that look real and the discriminator tries to distinguish generated

images from real images.

The loss function of a GAN can be written as:

Zan (G, D) = Ey[log D(x)] + Ey [log(1 — D(G(y)))]- (2.1)

where x is a "real" image and y is a random noise vector. The generator (G) tries to minimize
this loss and the discriminator (D) competes to maximize it. With an adequately balanced training
the generator will output increasingly realistic images, until they are practically indistinguishable

from the "real" images.

After some experimentation researchers found that using GANs was very challenging, espe-
cially when using high-resolution pictures. They noticed that if the discriminator got much better
than the generator, then the gradients that were calculated for the generator during training became
less useful. There is also the problem of mode collapse, which is when the generator fails to pro-
duce a wide variety of outputs, and generates the same output every time (Arjovsky and Bottou,
2017).
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Real Image
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Figure 2.2: Generative Adversarial Network diagram.

Discriminator :> Real / Fake

2.1.3 Conditional Generative Adversarial Network

As seen in section 2.1.2 generative models are very useful for generating images from a ran-
dom vector of numbers. Since a random vector of numbers is used as input we have no control
over the output of the generator, which would be very useful for some problems. This is where
c¢GANSs come into play (Mirza and Osindero, 2014). They aim to condition the output of the gen-
erator. To do so, an additional input is added to the generator and the discriminator. An example
of a CGAN can be seen in Figure 2.3. After the model is trained we can control the output of
the generator by specifying the class/label of what we want the generator to produce. The random
vector of numbers is still used, to allow some variation in the generated images belonging to the
same class.

The loss function of a cGAN can be written as:

Z:6an(G,D) = Eyy[log D(x,y)] + E, . [log(1 — D(x,G(x,2)))]. (2.2)

where x is a class label, y is a "real" image from class x and z is a random noise vector. The
generator (G) tries to minimize this loss and the discriminator (D) competes to maximize it. While
training the generator will output increasingly realistic images, until they are practically indistin-

guishable from the "real" images.
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Figure 2.3: Conditional Generative Adversarial Network diagram.

2.2 State of the Art

2.2.1 Image Generation

Although there are various methods for image generation, such as GANs, cGANs and Cycle-
GAN:S, those that specialize in face generation are not so common. In the next subsections the

most recent or relevant algorithms for image generation and face generation are presented.

ProGAN

In order to create high-resolution pictures, to solve the issue of mode collapse and to improve
training efficiency, the team at NVIDIA presented a solution based on Generative Adversarial
Networks (Karras et al., 2017).

Their method still used the adversarial approach of using a generator and a discriminator, but
instead of training the full networks at once, they took a more incremental approach. They trained
the networks one layer at a time, starting with a very low resolution and incrementally increasing
the size of the network and the resolution of the pictures generated. To do this they decreased
the resolution of the training images to match the output of the generator and the input of the
discriminator, then they trained the network to generate very low-resolution images (4x4 pixels),
which was relatively fast.

After the training was completed another layer was added to the generator and to the discrim-
inator (the generator and the discriminator have the same layer architecture, but mirrored) which
doubled the resolution of the generated images to 8x8 pixels. The weights of the previously trained
layers were kept, but were not final, meaning they were still trainable. The newly added layer was
faded in with a parameter alpha, which was increased linearly during training, to allow for a more
stable transition. This process was repeated until the desired resolution was reached.

The growing process of the network can be visualized in Figure 2.4 (extracted from the paper).

The fact that the model was trained with an incrementally bigger resolution allowed the first layers
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to learn a more high-level representation and the following layers to "fill in the details", which
resulted in more realistic pictures. They found that it was also much more computationally efficient

than training a model with all the layers at once. The results obtained by the authors are shown in

Figure 2.5.
G Latent Latent Latent
4
o b
z —
i e —
i | ]
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! i [ ]
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R. B. - B
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‘v [ —
[ 4 ] [ axa |
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Training progresses

Figure 2.4: The process of adding layers to the network to increase the resolution of the generated
images (Image extracted from the paper Karras et al. (2017)).

Figure 2.5: Results obtained by training the network using the CELEBA-HQ dataset (Images
extracted from the paper Karras et al. (2017)).
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Pix2pix

The Pix2pix algorithm consists of a cGAN (Figure 2.6), and it was designed as a general
solution to image-to-image translation problems (Isola et al., 2016). Image-to-image translation
refers to the process of applying transformations to an image to change its appearance. This is done
to change certain features in the original image, such as the color and textures of certain elements.
The network architecture of the generator consists of a U-Net, which is an encoder-decoder with
skip connections. The network architecture of the discriminator is a PatchGAN, which means that
instead of classifying an image as real or fake, as it is normally done, the discriminator classifies
patches of the image as real or fake.

The loss function used for the discriminator is the same as the loss function of a cGAN. On
the other hand, the loss function used for the generator is the loss function of a cGAN, with the
addition of the L1 distance between the generated image and the real image. The authors chose
L1 instead of L2 since it encourages less blurring. Some tests were performed to compare loss
functions, such as using only L1 loss, using only CGAN loss, and combining both. Comparisons
shown in Figure 2.9, extracted from the paper. They found that combining both was the best
option. They trained the model for different image translation problems, as shown in Figures 2.7
and 2.8.

=
=

Figure 2.6: Pix2pix model. G is the generator and D is the discriminator (Images extracted from
the paper Isola et al. (2016)).

Input Ground truth Output Input Ground truth Output

42

Figure 2.7: Results obtained by training a model to transform edges to shoes (Images extracted
from the paper Isola et al. (2016)).
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Map to aerial photo Aerial photo to map

input output input output

Figure 2.8: Results obtained by training a model to transform Google Map images to satellite
images and vice-versa (Images extracted from the paper Isola et al. (2016)).

Ground truth L1 cGAN L1 + cGAN

Figure 2.9: Results obtained by using different loss functions (Images extracted from the paper
Isola et al. (2016)).

2.2.2 Matching

Over the years many algorithms were implemented with the goal of face recognition and face
matching. The best ones have an accuracy of more than 99% (see Table 2.1), which surpass
algorithms that did not use machine learning, as can be seen in Figure 2.10 (Wang and Deng,
2018). State of the art methods use CNNs to transform an image into a feature vector. This
feature vector can be compared to the feature vectors of other images to check if both images are

a representation of the same person.
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Network architectures consist of CNNs as they are capable of extracting relevant features in
an image, allowing the network to more easily recognize a person (Wang and Deng, 2018). They
produce better results because the networks learn the filters that need to be applied in each layer

to extract the relevant features.

Method ‘ Public. Date Loss Architecture | Accuracy (%) ‘

FaceNet (Schroff et al., 2015) 2015 triplet loss | GoogleNet-24 99.63
VGGface (Parkhi et al., 2015a) 2015 triplet loss | VGGNet-16 98.95
Range Loss (Zhang et al., 2016) 2016 range loss VGGNet-16 99.52
L2-softmax (Ranjan et al., 2017) 2017 L2-softmax | ResNet-101 99.78
CoCo loss (Liu et al., 2017) 2017 CoCo loss - 99.86
Cosface (Wang et al., 2018) 2018 cosface ResNet-64 99.33
Arcface (Deng et al., 2018) 2018 arcface ResNet-100 99.83

Table 2.1: Different methods developed over the years for face recognition/matching (table from
Wang and Deng (2018)).
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Figure 2.10: Different methods developed over the years to improve face recognition (Image ex-
tracted from the paper Wang and Deng (2018)).

Loss functions

Over the years many loss functions have been applied. These include variations of the follow-
ing losses: Euclidean-distance-based loss, angular/cosine-margin-based loss, softmax loss. See
Figure 2.11 for more details on the loss functions that have been used over the years.

With CosFace (Wang et al., 2018) and ArcFace (Deng et al., 2018) the authors proposed a
modification to the softmax loss. The softmax loss gives separate feature embeddings but is am-
biguous in the decision boundaries. With CosFace and ArcFace the authors solve this problem by
increasing the margin between different classes. Figure 2.12 compares the decision boundaries

in a binary classification problem between ArcFace and CosFace. ArcFace has a constant linear
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angular margin, while CosFace does not. This difference increases the accuracy of the ArcFace
method slightly, as can be seen in Table 2.1.

MF los:
ight and fc

DeeplD2 L-softmax ormface A-softmax Cosface
(contrastive loss) (large margin} "”‘“' (large margin) (large margin}

DeeplD TSE 50 CaCo loss Arcrm
o || Meeos | [ SR | [ SRR | [
Deepface DeeplD2+ FaceNet GGface TPE Center loss Marginal loss mvaﬂ In AMS loss
(softmax) (conmastive loss) (triplct loss) [lnpersnlhn.n] (triplet loss) (center loss) e sy )

<
@

[

%é

Z

HS

%

2014 2015 2016 2017 2018
Fe Negative - & .
|~ / privr_e [ . u-.w:; y s
™ o Negative] APl
! {1 » Ar.ur o TN s ¥ e
; ¢ o |
P Pesitie Positie =]
Softmax loss Contrastive loss Triplet los Center loss Foutarn and weight sormalization

Figure 2.11: Different loss functions used over the years for face recognition (Image extracted
from the paper Wang and Deng (2018)).
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Figure 2.12: Decision margins of different loss functions (Image extracted from the paper Deng
et al. (2018)).

2.2.3 Approaches to the sketch-to-face matching problem

Recent approaches to the sketch-to-face matching problem include methods based on CNNs
(Iranmanesh et al., 2018), CycleGANs (Kazemi et al., 2018) and cGANs (Osahor et al., 2020;
Chao et al., 2019).

In Iranmanesh et al. (2018) the authors propose a method that uses two VGG-16 like networks
(Simonyan and Zisserman, 2014) to match a sketch to a real picture of a person. One of the
networks receives as input the sketch and a set of attributes, while the other receives a real picture.
The architecture is shown in Figure 2.13. The loss function they use pulls the real pairs towards
each other into a similar common latent feature subspace and pushes the false pairs apart from each
other. When the networks are trained we can find the correct person by computing simple distance
measures between the vector returned for a sketch and the vector returned for real pictures. One of

the downsides of this method is that it only matches a sketch to a real picture. Other methods also
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generate a realistic representation of the sketch, in case there is the need to use a manual method

for the matching process.
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Figure 2.13: Architecture from Iranmanesh et al. (2018).
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In Kazemi et al. (2018) the authors propose a method for generating sketches from real pictures

and realistic pictures from sketches using a CycleGAN. One of the benefits of using a CycleGAN

is that there is no need for paired data, a dataset of sketches and a dataset of real pictures could

be used and the network would learn the transformations that needed to be applied to go from

one domain to the other. They also conditioned the sketch-photo generator with facial attributes

to force a more accurate representation in the generated photos, and to be able to change certain

attributes in the generated photo. Figure 2.14 shows the architecture used. Figure 2.15 shows

some examples of generated images with different attributes.
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Figure 2.14: Architecture from Kazemi et al. (2018).
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Original i i Blond Hair Pale Skin Male/Female

Figure 2.15: Generated images using the method in Kazemi et al. (2018).

In Chao et al. (2019) the authors use a modified cGAN to transform a sketch into a realistic
picture. Their loss function included the loss of a cGAN, the difference between the real picture
and the generated picture, the difference of the edges between the real picture and the generated
picture, the difference of the face descriptors of the real picture and the face descriptors of the
generated image. The face descriptors were obtained by training a VGG-19 model to extract high-
level features. Figure 2.16 shows the model architecture. This method achieved very realistic
results in the generated images as can be seen in Figure 2.17. They used the Dlib module for face

recognition (King, 2009) to match the generated photo to a real photo.
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Figure 2.16: Architecture from Chao et al. (2019).
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Figure 2.17: Generated images using the method in Chao et al. (2019) with different loss functions.

In Osahor et al. (2020) the authors used a modified cGAN to transform a sketch into a realistic
picture. The authors used an XDOG filter (Winnemoeller et al., 2012), which detects edges in an
image, to generate sketches from real pictures. They also trained a generator to transform real
pictures into sketches. This is because the databases for sketch-photo pairs are not very large, and
some do not have a very good quality. Therefore they took large face datasets, such as the CelebA
dataset, which is a large dataset of celebrity face images, and generated their own sketches. Their
loss function was designed to preserve the identity of the person in the generated image and to
allow the user to choose certain facial attributes in the generated picture, such as hair color and
sex. Figure 2.19 shows the model architecture. Examples of generated photos can be seen in
Figure 2.18. To match the generated photo to a real photo they implemented a face verifier called
DeepFace.

Original Black

Blond Brown

Figure 2.18: Generated images using the method in Osahor et al. (2020).
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Identity Preservation
Framework

T/F

Figure 2.19: Architecture from Osahor et al. (2020).

2.3 Conclusions

Convolutional Neural Networks are mainly used for image analysis, for example, face recog-
nition or object recognition tasks. Generative models such as Generative Adversarial Networks
and Conditional Generative Adversarial Networks are used for image generation tasks. In this
chapter we showed how important these algorithms are for the current state of the art methods,

both in face generation and face matching/recognition.
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Chapter 3

Final Methodology'

The proposed method is an end-to-end model that, although integrated and optimizable as a
whole, is composed of two main parts: a sketch-to-render generator and a matching network (see
Figure 3.1). The sketch-to-render generator will transform the input sketch into a face rendering
that is photo-realistic and similar to the real face that corresponds to the sketch. The matching
network will receive the realistic rendering and output a template that can be used for matching
through a simple distance measure. In the next sections, the architecture of both parts, the loss

function, and the training process of the model are described in higher detail.

END-TO-END TRAINED MODEL

Forensic SKETCH-TO-RENDER MATCHING

Templat
Sketch GENERATOR NETWORK empiate

v
Photo-realistic
Face Rendering

Figure 3.1: Overview schema of the proposed method.

3.1 Network Architecture

3.1.1 Sketch-to-render generator

The sketch-to-render process is performed by an image-to-image model that receives a sketch
and transforms it into a realistic face rendering. For this model, we use the generator of a condi-
tional generative adversarial network (cGAN) (Mirza and Osindero, 2014), that follows the typical

structure of a U-Net (Ronneberger et al., 2015), with an encoder, that reduces data resolution at

IThe method described in this chapter was included in an article that was submitted for the 2020 International Joint
Conference on Biometrics (IJCB 2020).
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each level, followed by a decoder, that processes data up to the original resolution (see Figure 3.2).
Skip connections enable the transmission of information between corresponding levels from the
encoder to the decoder.

The U-Net encoder mimicked the architecture of VGG-16 (Simonyan and Zisserman, 2014)
and it is composed of thirteen convolutional layers and four max-pooling layers distributed over
five resolution levels. Convolutional layers have 64 — 512 filters, with size of 3 x 3 and stride of
1 x 1, each followed by rectified linear unit (ReLU) activations. Max-pooling layers, which reduce
data resolution for the next level, use window size and stride of 2 x 2. The decoder mirrors the
structure of the encoder with convolutional and deconvolution layers. Convolutional layers, which
extract features from the data, have 64 — 512 filters with size and stride similar to their respective
encoder counterparts. Deconvolution layers, that increase data resolution for the next level, have
64 — 512 filters with size and stride of 2 x 2.
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Figure 3.2: Network architecture of the generator.
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The discriminator used during training is a CNN adapted from the cGAN of pix2pix (Isola
et al., 2016) (see Figure 3.3), which receives as input the photo-realistic representation outputted
by the generator and the corresponding sketch, and outputs a prediction on whether it is real
or generated. This discriminator is composed of three convolutional layers, one fully-connected
layer, and batch normalization. The convolutional layers have 64 — 256 filters with a size of 4 x 4

and stride of 2 x 2, and are followed by Leaky ReL.U activations.

The most important modification made to the discriminator was the output shape. The pix2pix
discriminator returns a matrix indicating if patches of the input images are real or generated. We
noticed that if instead of returning a matrix it returned a single number which classified the whole
image as real or generated then it would reduce distortions in the generated image. An example
can be seen in Figure 3.4. The generated images in this figure have a worse quality than our
final method because this test was done in earlier stages where we had not cropped the dataset
in the best way and the network architectures and hyperparameters were not fully optimized yet.
Nevertheless, it still shows that the modified version of the pix2pix discriminator improves the

quality of the generated images.
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Figure 3.3: Network architecture of the discriminator.
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Sketch Ground Truth Oold New

Figure 3.4: Comparison of the pix2pix discriminator (old) and the modified pix2pix discriminator
(new).

3.1.2 Matching network

After the sketch is transformed into a photo-realistic rendering of the face, the matching part
of the model transforms this rendering into a template that can easily be used for matching. In
this work, the matching network follows the structure of the VGG-16 (Simonyan and Zisserman,
2014) and uses pre-trained VGG-Face weights (Parkhi et al., 2015b).

Given a sketch, the output of the matching network (and of the method as a whole) is a template
that can be used for matching. This template (or face descriptor) is a numerical uni-dimensional
vector of 2622 features that describe the face represented on the input sketch. The sketch is thus
matched with face photos from a database by computing the cosine distance between the respective

templates.
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3.2 Loss

The loss function used for training is a composition of several loss components relative to
each part of the proposed model. The first component of the loss corresponds to the sketch-to-
render, and comes from the typical training methodology of a cGAN. This part can be written as

following:

Zean(G, D) = By [log D(x,y)] + Ex[log(1 — D(x, G(x)))], 3.1)

where x is a sketch and y is the corresponding ground-truth photo. The generator (G) tries to min-
imize this loss and the discriminator (D) competes to maximize it. This competition, if adequately
balanced, will lead the generator to output increasingly realistic face images. Figures 3.6 and 3.7
show a graphical representation of the generator and discriminator loss functions, respectively.
Nevertheless, the generator should not only transform the sketch into a photo-realistic image,
but also should closely mimic the respective ground-truth face photograph. In order to achieve

this, a second loss term is defined as:

211(G) = Exy[[ly = G|, (3.2)

which minimizes the L1 norm of the difference between the real image (y) and the generated image
(G(x)). Moreover, we need to ensure the identity information in the sketch is preserved and refined
throughout the network, and matches that of the respective ground-truth image.

Hence, a third component is added to the loss function (see Figure 3.5), corresponding to the

matching part, such as:

Znaen(G) = Exy [[[V (y) = V(G ()| |2]- (3.3)

Combining the loss components mentioned above, the final loss function becomes:
Z(G,D) = méanaxochAN(G7D) +MZ11(G) + L Laren(G). (3.4)

Generated
Sketch —% Generator }—> Sketch —% VGG-Face \

L2 Norm —>» Loss

A —ﬁ VGG-Face /
Picture

Figure 3.5: Loss component for the matching part of the model.
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Figure 3.6: Loss component for the generator of the sketch-to-render part of the model.
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Figure 3.7: Loss component for the discriminator of the sketch-to-render part of the model.



Chapter 4

Experimental Settings

4.1 Data

The proposed model has been trained using pairs of sketches and corresponding face images
from the CUHK Face Sketch database (CUFS) (Wang and Tang, 2009) and the CUHK Face Sketch
FERET dataset (CUFSF) (Wang and Tang, 2009; Zhang et al., 2011).

The CUFS dataset contains 606 sketch-photo pairs. The sketches correspond to face images
acquired from students of the Chinese University of Hong Kong (CUHK) and from the AR and
XM2GTS databases. Due to the current unavailability of the latter two databases, this work only
used the 188 sketch-photo pairs relative to CUHK students. Of those, 88 pairs were used for model
training and 100 pairs were reserved for testing.

alalzlal Lo
h ks A Pz

Figure 4.1: Example images from CUHK Face Sketch database (Wang and Tang, 2009).

The CUFSF contains 1189 sketches that correspond to photos in the FERET database (Phillips
etal., 1998, 2000). Of those, 1089 pairs were used for training and 100 pairs were used for testing.
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Figure 4.2: Example images from CUHK Face Sketch FERET Database (Wang and Tang, 2009;
Zhang et al., 2011).

4.2 Pre-processing

To uniformize the CUFS and CUFSF databases, the DeOldify API' was used to colorize the
photos of CUFSF from the FERET database (see Figure 4.3) that, unlike CUFS images, were
originally in grayscale. Additionally, this allows the proposed model to learn to generate color

images.

Before After

Figure 4.3: CUFSF dataset images before and after colorization using the DeOldify API.

IDeOldify API. Available on: https://github.com/jantic/DeOldify.
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In style transfer problems using conditional GANSs, image spatial consistency is paramount.
When the locations of image landmarks are consistent between the input and the expected output,
the network is able to offer realistic results. This is related to the loss component that compares
the output of the generator and the corresponding ground-truth. However, in the case of sketch-
to-photo transformation, the shape, size, and location of facial landmarks in the sketch and the
ground truth can vary considerably. For instance, the eyes in a sketch can be drawn farther apart
than they are in the ground-truth image. These situations reflect on the generator loss values and
generally cause distortions that damage the realism of the rendering. To solve this problem, the
sketches and photos are transformed so that the faces are aligned and the position of the eyes are
consistent in each sketch-photo pair (see Figure 4.4 for an example of images before and after they
were aligned and cropped). This makes the data more consistent and enables higher photo-realism
in the generated renderings. Additionally, the accuracy of the matching process is also improved
(Schroff et al., 2015).

Before After

Figure 4.4: CUFSF dataset images before and after cropping.

4.3 Experiments

In this section, we present some of the experiments that took place in the development process
of the methodology explained in chapter 3.

The generator and discriminator used in the following experiments have the same architecture

as the ones shown in chapter 3.
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4.3.1 Experiment 1

For this experiment we used the CUFSF dataset, after applying pre-processing.

The used loss function is the following:

Z(G) = %1 (G) + Lnaren(G). 4.1

The .Z7 loss makes the generated image similar to the real image and the %4, loss makes
the identity of the person in the generated image similar to the identity of the corresponding real
image. The objective was to have a good matching accuracy while having a realistic intermediate
representation of the sketch.

The resulting images looked blurry because the .Z.gay loss was not included. Nevertheless,
the model was somewhat able to transform the sketches into a realistic representation, at least

when it comes to color. Generated images can be seen in Figure 4.5.

Sketch Ground Truth Generated

Figure 4.5: Images generated using the method described in experiment 1.
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4.3.2 Experiment 2

For this experiment we used the CUFSF dataset, after applying pre-processing.

The loss function used is the following:

Z(G) = Lnacn(G). (4.2)

The Zucn 10ss makes the identity of the person in the generated image similar to the iden-
tity of the corresponding real image, which improves the matching accuracy since the matching
network recognizes the transformed sketch and the real image as the same person.

The resulting images were an intermediate representation that increased the matching accuracy
without concern for realism. In Chapter 5 we discuss the increase in matching accuracy using
this method when compared to the method that enforced a realistic representation. Generated
intermediate images can be seen in Figure 4.6.

Sketch Ground Truth Generated Sketch

Figure 4.6: Images generated using the method described in experiment 2.

4.3.3 Experiment 3

For this experiment we used the CUFS dataset, after applying the processing.

The loss function used is the following:

Z(G) = Lnacn(G). (4.3)

The resulting images were an intermediate representation that increased the matching accuracy

without concern for realism. In Chapter 5 we discuss the increase in matching accuracy using
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this method when compared to the method that enforced a realistic representation. Generated

intermediate images can be seen in Figure 4.7.

Sketch Ground Truth Generated Sketch
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Figure 4.7: Images generated using the method described in experiment 3.
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4.3.4 Experiment 4

For this experiment we used the CUFSF dataset, after applying pre-processing.

The loss function used is the following:

g(G,D) = mGinmgx.,?}GAN(G,D) + M0 (G) “4.4)

with A; = 100 as recommended in the pix2pix paper (Isola et al., 2016).

The Z.gan loss gives the resulting images a sharper look and the .7, 1oss makes the generated
image similar to the real image. The %7 loss also helps avoid mode collapse, which is when the
generator fails to produce a wide variety of outputs, and generates the same (or very similar)
outputs every time.

This generator architecture gave better results than the generator of pix2pix. The generated
images had fewer distortions and were smoother. Figure 4.8 shows the generated images using

this model.
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Sketch Ground Truth Generated

Figure 4.8: Images generated using the method described in experiment 4.

4.3.5 Experiment 5

For this experiment we used the CUFS dataset, after applying pre-processing.

The loss function used is the following:

g(G,D) = m(i;nmgxoiﬂcGAN(G,D) +M%n (G) 4.5)

with A; = 100 as recommended in the pix2pix paper (Isola et al., 2016).

Figure 4.9 shows the generated images using this model.
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Sketch Ground Truth Generated

Figure 4.9: Images generated using the method described in experiment 5.

4.3.6 Conclusions

The experiments allowed us to reach the final model shown in chapter 3. Experiments 2 and
3 showed that in case there is no need for a realistic representation of the sketch this method
is a good alternative, as it increases the matching accuracy significantly (as will be explained in
further detail in chapter 5). Experiments 4 and 5 showed acceptable image quality, but it could
be improved by adding the %, 10ss, as it would prevent the model from changing the identity
of the person in the generated image when compared to the sketch, and it would also improve
the matching accuracy. Therefore the final methodology is a combination of experiments 2 and 4
since it allowed for a good matching accuracy and the best looking images without changing the

identity of the person in the original sketch.
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4.4 Training

The model presented in chapter 3 was trained on two experimental settings. The first one
followed the afore-described loss function to promote both an intermediate realistic face rendering
and high matching accuracy. Here, the model was trained during 780 and 1500 epochs, for CUFSF
and CUFS respectively, with batch size 8, using the Adam optimizer with a learning rate of 2 x
10~* and parameter beta; = 0.5. The loss parameters A; and A, were experimentally set to 100
and 1, respectively.

The second setting studied the effect on performance if the realistic face rendering generation
was disposable. To achieve this, the loss terms .Z.gay and %}, which promotes the realistic
intermediate representation, were removed. In this setting, the model was trained during 1320 and
2800 epochs, for CUFSF and CUEFS respectively, with batch size 12, using the Adam optimizer
with a learning rate of 1 x 1073 and parameter beta; = 0.9.

To improve the robustness of the model and to avoid overfitting, data augmentation was applied
to each pair of images. These were randomly cropped and horizontally mirrored before each

epoch.
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Chapter 5

Results and Discussion

To evaluate the matching performance of the proposed model, its rank-N accuracy was com-
puted on the test sets of CUFS and CUFSF. Rank-N accuracy measures the fraction of test in-
stances where the true correspondence is successfully found among the N strongest predictions
offered by the model. In this case, we consider N € {1,5,10}.

After training the model with the CUFSF dataset (1089 train pairs), 54% rank-1 accuracy (100
test pairs) was attained. Over all considered ranks, the matching accuracy of the proposed method
is superior to the alternative methods, as presented in Table 5.1. However, when dismissing photo-
realistic rendering generation, the matching accuracy increases significantly, showing a trade-off
between intermediate representation realism and matching performance that could be tuned to fit

the objectives of specific application scenarios.

Accuracy (%)
Method Rank-1 ‘ Rank?; ‘ Rank-10
Sketch 49 77 88
pix2pix 53 83 92
Proposed (with r.r.g.) 54 87 96
Proposed (without r.r.g.) 73 98 99

Table 5.1: Matching accuracy on the CUFSF dataset, using different methods to enhance the
sketch (r.r.g.: realistic rendering generation).

On the CUFS dataset, using 88 sketch-photo pairs for training and 100 pairs for testing, the
proposed method attained 44% rank-1 matching accuracy (see Table 5.2). These performance
results are slightly below, but nevertheless aligned with the alternative methods evaluated on the
same settings. When removing the rendering realism constraints in the loss, the accuracy at all
ranks increases considerably, achieving much better performance than the alternative methods.

Considering the significantly smaller size of the CUFS training set vs. the size of the training
set of the CUFSF dataset, these results may denote that the proposed method is more sensitive to
scarce data than the alternatives, failing to offer more general solutions. Furthermore, knowing

the images in the CUFS dataset are much less diverse than those of CUFSF (regarding subject
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Accuracy (%)
Method Rank-1 ‘ Rank-); ‘ Rank-10
Sketch 47 80 90
pix2pix 52 79 86
Proposed (with r.r.g.) 44 77 86
Proposed (without r.r.g) 59 85 91

Table 5.2: Matching accuracy on the CUFS dataset, using different methods to enhance the sketch
(r.r.g.: realistic rendering generation).

ethnicity, skin color, hair color, background), one can argue that the proposed method offers the
greatest advantages over the alternatives in more challenging scenarios.
On recent literature, Table 5.3 shows the rank-1 accuracy of different methods for matching a

sketch to a real picture.

Paper \ Data Accuracy (%) ‘
Chao et al. (2019) CUFS 36.00
Pramanik and Bhattacharjee (2012) CUFS 80.00
Bhatt et al. (2010) CUFS 87.89
Wang and Tang (2009) CUFS 96.30
Qingshan Liu et al. (2005) CUFS 87.67
Xiaoou Tang and Xiaogang Wang (2004) CUFS 71.00
Xiaoou Tang and Xiaogang Wang (2003) CUFS 81.30
Bhatt et al. (2012) CUFS + HIT-Delhi 93.16
Kazemi et al. (2018) CelebA 65.53

Table 5.3: Rank-1 accuracy of different methods for sketch-face matching.

These values are not directly comparable to the results reported in this paper, as the data used
is not the same. Even on the CUFS dataset, some prior works used 606 pairs of images, while cur-
rently only 188 are available, and this puts the proposed method at a disadvantage. Nevertheless,

the results of the proposed method are aligned and sometimes superior to these prior art results.

5.1 Realistic Generation Performance

After the evaluation of matching performance, the realism of the intermediate representations
generated by the proposed method were evaluated. Examples of these photo-realistic images and
the corresponding sketches and ground-truth photos from the CUFSF and CUFS datasets can be
seen in Figures 5.1 and 5.3, respectively.

Measuring realism is a difficult task, since the concept is highly subjective. However, we
can assume that, if a generated image is sufficiently similar to the corresponding ground-truth, it

is realistic. Hence, we use similarity/dissimilarity metrics that are common in related literature
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works for an objective evaluation, along with a visual subjective inspection of the test results.
These metrics were the Fréchet Inception Distance (FID) (Heusel et al., 2017), the Inception Score
(IS) (Salimans et al., 2016), and the Structural Similarity Index (SSIM) (Wang et al., 2004).

As expected, the results through the similarity/dissimilarity metrics are better when the pro-
posed method includes realistic rendering generation (see Tables 5.4 and 5.5), as the method has
learned to generate images that are similar to the respective ground-truth photos. With CUFSF
data, the results with the proposed method are slightly inferior but comparable to the alternatives,

once again showing that the proposed method finds advantages in more challenging data.

Method | FID| [IS1 | SSIM 1 |
Ground Truth 0.0 1.71 1.0
pix2pix 70.54 | 1.69 | 0.59

Proposed (with r.r.g.) 83.51 | 1.47 0.60
Proposed (without r.r.g) | 330.41 | 1.48 0.32

Table 5.4: Comparison between different methods to enhance the sketch, using the CUFSF dataset
(r.r.g.: realistic rendering generation).

Method | FID| [ ISt | SSIM 1 |
Ground Truth 0.0 1.39 1.0
pix2pix 4146 | 1.26 | 0.62
HFFS2PS Chao et al. (2019) | 58.50 | 1.43 | 0.70
Proposed (with r.r.g.) 7474 | 1.54 | 0.61
Proposed (without r.r.g.) 321.96 | 1.35 0.45

Table 5.5: Comparison between different methods to enhance the sketch, using the CUFS dataset
(r.r.g.: realistic rendering generation).

Visually, we can confirm that the results of the proposed method are, indeed, very similar to
the alternative method (see Figures 5.1 and 5.3). Considering the improvement in performance,
maintaining the degree of photo-realism is a positive aspect of the proposed method.

Furthermore, the proposed method delivers, in most cases, images that retain most informa-
tion needed to identify the person represented in the sketch. Nevertheless, the method presents a
worrying lack of diversity in specific facial features (such as hair, skin, or eye color) that should
be addressed. In fact, when trained without photo-realistic generation, the method avoids these
details by using unrealistic color schemes (see Figures 5.2 and 5.4). To improve this shortcoming,
an approach similar to the one proposed in Iranmanesh et al. (2018), which consists in giving facial

attribute information along with the sketch, could be an important addition to the proposed model.
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Sketch Ground Truth Ours Pix2pix

Figure 5.1: Images generated by our method using the CUFSF dataset.

Sketch Ground Truth Generated Sketch

Figure 5.2: Intermediate representation of the sketches using the CUFSF dataset.
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Sketch Ground Truth Ours Pix2pix

Figure 5.3: Images generated by our method using the CUFS dataset.
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Figure 5.4: Intermediate representation of the sketches using the CUFS dataset.
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Chapter 6

Conclusions and future work

This dissertation proposes an end-to-end deep method for sketch-to-photo matching that pro-
motes the generation of a photo-realistic intermediate representation of the face depicted on the
input sketch. Upon receiving a forensic sketch as input, the model will first convert the sketch into
a photo-realistic rendering and then process it to return a face descriptor template. This template
can be compared to templates obtained from photos in a database, using simple distance measures,
to find a matching identity.

As an end-to-end model, jointly trainable, it aims to eliminate performance limitations asso-
ciated with separately optimized processes. Nevertheless, by including a sketch-to-render com-
ponent based on a conditional GAN, the method also learns to offer an intermediate realistic face
representation that can be used for alternative manual matching, in case the automatic matching
fails to offer useful results.

Upon evaluation on the CUFS and CUFSF sketch-photo databases, the matching process
showed performance improvements over the state-of-the-art, especially in the more diverse database
(CUFSF). The generation of face renderings offered realistic results, comparable to the state-of-
the-art, especially on the CUFS dataset. When disregarding realistic rendering generation, the
performance results improved.

Despite the promising results, further efforts should be devoted to improve the face rendering
generation component. Namely, the limited diversity of face characteristics like hair, eyes, and
skin color on generated images should be addressed, in order to improve both the realism of the
results and the matching performance. Another interesting research topic would be learning from
unpaired sketches and photos, enabling the easy construction of larger databases for more robust

training.
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