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Abstract

Person re-identification (re-ID) is the problem of identifying the same per-
son in multiple cameras. This is a non-trivial problem, that is confounded
by non-overlapping field of view, lighting differences, occlusion, variation in
poses and different camera viewpoints. Current person re-ID systems perform
well on specific datasets but experience large performance drops when trained
and tested on a different dataset. This report describes a new method to
improve the robustness of person re-ID models. The proposed method gen-
erates new backgrounds using a generative adversarial network which allows
person re-ID models to be trained on larger and more varied datasets, there-
fore improving robustness. Individual identities from the original dataset are
recreated in new scenarios with corresponding labels, this allows person re-ID
networks to utilise supervised learning on the generated data. Variations of
the proposed method provide significant control over the generated images,
from maintaining high similarity between the generated identities and their
respective original (same pose) to generating the identity in any new pose
while still maintaining significant similarities.
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1 Introduction

Cameras are a good way to deter crime and also help track people of interest. With
the growing amount of data captured by cameras, manually tracking people has
become exceptionally time consuming. Tracking one person is a di�cult task, sim-
ultaneously tracking multiple persons across multiple scenes is orders of magnitude
more di�cult. Conventional object trackers are not e�ective in tackling this problem
[1].

Person re-identi�cation (re-ID) is the problem of identifying the same person
across multiple cameras. For example, in a train station, a camera captures an
image of a person waiting on a platform. Later, a second camera located in a train,
captures an image of the same person on-board the train. Identifying that this is
the same person in both images is a form of person re-ID.

Problems include non-overlapping �eld of view, lighting di�erences, occlusion,
variation in poses and di�erent camera viewpoints. Biometric markers such as facial
features are not available due to low resolution. The only assumptions are that
people will wear the same clothing in di�erent sightings [2] and their body type
(height and build) will remain the same.

State-of-the-art person re-ID systems, such as GLAD [3] and PDC [4], can achieve
rank-1 accuracies of roughly 90% when tested on a speci�c dataset but experience
severe performance drops when trained and tested on a di�erent dataset [5]. This
is due to the limited scale of datasets as they do not provide realistic nor su�cient
data to allow for generalisation [5].

Gathering and annotating real data to create signi�cantly large and varied data-
sets can be time consuming and costly. Therefore, the currently available datasets
are small and homogeneous.

1.1 Aims and Objectives

The aim of this project is to generate new, hard cases to improve the robustness
of current re-ID systems. Generating realistic images allows for current datasets to
be extended and thus the current re-ID systems can be trained on more samples,
improving the performance. One of the hardest aspects of generating re-ID images
is labelling them. It is important to be able to generate realistic images of the same
people as are already in the dataset and not a new label. This is to enable supervi-
sion during training of re-ID systems which leads to higher accuracies compared to
unsupervised training.

The main objectives for the project are the following:

ˆ Design a generative adversarial network to generate labelled images of existing
persons with new backgrounds.

ˆ Design a GAN to generate labelled images of existing persons with new poses.

ˆ Expand a person re-ID dataset by adding images generated by the GAN.

ˆ Improve on the person re-ID network baseline (ResNet [6]) by using the ex-
tended datasets.
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2 Literature Review

This section is an overview of generative adversarial networks (GANs), both in
general and speci�c re-ID GANs, current re-ID systems and information regarding
re-ID datasets.

2.1 Generative Adversarial Networks

A Generative Adversarial Network (GAN) [7] is composed of two separate networks,
a generator network and a discriminator network. The generator creates samples
that mimic the training data while the discriminator determines whether a sample
was generated (fake) or from the training data (real). Figure 1 shows how the
generator and discriminator are connected.

By analogy, the generator can be viewed as a forger and the discriminator can
be viewed as a detective. The forger is trying to forge paintings but at the start
isn't very good. The detective can easily spot di�erences between the real paintings
and the fake one. Eventually, the forger improves his skill and can produce better
fake paintings. It is now more di�cult to spot the di�erence between real and fake
paintings and so the detective must improve his skill. This can go on until the
detective becomes better than humans at detecting fakes and the forger can create
paintings that are indistinguishable from the real paintings to humans.

The generatorG maps a random noise vectorz to match the distribution of the
training data. The discriminator D distinguishes between real and fake data. The
objective function can be written as:

L GAN (G; D) = Ey[log(D(y)] + Ez[log(1 � D(G(z))] (1)

Figure 1: A diagram of a generative adversarial network (GAN) training to generate
images of handwritten digits.

2.2 Pix2Pix

Pix2Pix [8] showed that conditional GANs [9] could generate realistic images. Con-
ventional GANs learn to map an output image from a random noise vector whereas
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conditional GANs learn to map an output image from an input image and a random
noise vector. Pix2Pix was not tuned to be application speci�c and was shown to
perform well on diverse sets of data.

Pix2Pix's generators utilise a U-Net [10] architecture. Generally speaking, this
implies multiple layers that perform down sampling followed by multiple upsampling
layers. This creates a bottleneck layer that has a compressed representation of the
data in the middle. But importantly these layers contain skip connections, which
allow more information to surpass the bottleneck.

What makes this a conditional GAN (cGAN) is that the input x for the generator
is also used as one of the inputs for the discriminator. Thus: the objective of the
cGAN is:

L cGAN (G; D) = Ex;y [log(D(x; y)] + Ex;z [log(1 � D(x; G(x; z))] (2)

Where G and D are the generator and discriminator, respectively, andx, y and
z are the input, output and random noise vector, respectively.

The noise input for the generator was created using dropout. The authors note
that this is an area that could be further improved as the output was only slightly
stochastic and is therefore not capturing the full entropy of the conditional distri-
bution.

For the discriminator they developed PatchGAN, which restricts the discrimin-
ator to only model high frequency components then in addition use an L1 loss for
the low frequencies.

With Pix2Pix being non-application speci�c the results can be described as ac-
ceptable. Figure 2 shows that Pix2Pix can generate sharp images. It is still far from
perfect, especially generating the background/sky.

Figure 2: Example of the results from Pix2Pix when generating facades. Reproduced
from the original paper [8].
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2.3 CycleGAN

CycleGAN [11] became famous for its impressive results with diverse sets of im-
ages. CycleGAN learns to translate between domains without input-output pairs.
This is a powerful tool as it does not require paired input-output examples to learn
this translation but utilises supervision based on sets (set of images from di�erent
domains). It also aims to produce cycle consistent translation meaning after trans-
lating image x to image y, a reverse translation of image y will yield image x. This
is visualised in �gure 3.

Figure 3: An illustration of CycleGAN reproduced from the original paper [11]. (a)
shows the relationship between the two generatorsG and F , the two domainsX and
Y and the two discriminatorsDX and DY . (b) shows the forward cycle-consistency
loss and (c) shows the backward cycle-consistency loss.

At its core, CycleGAN utilises two generators, G: X! Y and F: Y ! X, and
two adversarial discriminators,DX and DY . DX discriminates between real images
and generated images in set X whileDY discriminates between real images and
generated images in set Y. To incentivise the aforementioned cycle consistency, a
cycle consistency loss is introduced.

Some examples of what CycleGAN can do are shown in �gure 4. In the column
on the right, CycleGAN was trained to change a horse to a zebra and vice versa. The
output clearly captures the style of each set and generates fairly realistic images.
The left column shows the style transfer from a Monet painting to a real photo. This
also shows that CycleGAN can create a mapping between two styles and translate
images between them.

The authors note that they were unsuccessful in generalising the transformation
between styles of di�erent geometric sizes or extreme geometric changes.
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