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Abstract

Deep learning has significantly improved Re-1d per-
formance but it requires a large amount of data,
however, obtaining data is expensive from both time
and money perspective.  Inspired by ImageNet pre-
trained models and synthetic data generation techniques,
this paper investigates to utilise real-world and syn-
thetic Re-Id datasets to augment task performance.
Firstly, we propose two methods to apply external Re-Id
data, NDTL (Neighbour-Domain Transfer Learning) and
NDDS (Neighbour-Domain Data Stitching). Secondly,
we quantitatively illustrate that both real-world and syn-
thetic data could mitigate Re-1d data shortage problems,
using Re-Id dataset to pre-train models is better than us-
ing ImageNet, we achieve up to 28.2% mAP improvement
on DukeMTMC and 5.2% on Market-1501. Moreover,
we find out that viewpoint, one of Re-1d relevant factors,
has the an influence on the system performance due to
viewpoint-wise non-alignment and unbalance of the orig-
inal dataset, it also assists the performance if train set is
augmented balanced. Our research strongly illustrates
both real-world and synthetic Re-1d dataset can effec-
tively augment Re-1d task, viewpoint is an essential fac-
tor and based on which, train-test distribution dramati-
cally influences Re-Id performance, and balancing train
classes are also helpful to improve the performance.

Keywords: Person Re-Identification; transfer learn-
ing; synthetic data; augmentation, viewpoint

1. Introduction

Person Re-Identification (Re-Id) is the task of recog-
nising and matching people from multiple views of cam-
eras where there is no view duplication, it is a popular
research topic in computer vision [46}47]] and widely ap-
plied in many fields such as intelligent security, video
surveillance and traffic control. The early studies fo-
cus on conventional computer vision methods and re-
searchers exploit the characteristics, which are also ac-
knowledged as feature representations, from videos and
the frames, others pay attention to metric learning [42]]
relying on the (dis)similarities between images. Since

A. Krizhevsky proposing AlexNet [15] in 2010, deep
neural network has been playing more and more essen-
tial roles in computer vision and Re-Id research. Deep
Convolutional Neural Network (CNN) assistant to deal
with deep Re-Id problems by extracting features from
large dataset automatically, [8} 25} 46, 47]] show the im-
provement, some other methodologies such as part-based
convolutional baseline (PCB) [36] exploiting local fea-
tures of each person and spatial-temporal attention (STA)
method combining spatial attention and temporal atten-
tion demonstrate the advancement as well.

Re-Id is confronted with various problems, such
as low resolution due to camera situation, viewpoint
difference, pedestrians being occluded by objects or
other people and illumination variation. Besides, a
well-performing Re-Id system requires adequate data to
trained, which leads the dataset size and labelling issues,
however, plenty of conventional and well-known CNN
methodologies require fully labelled dataset to proceed
supervised learning, but labelling dataset is a tremen-
dously costing work that usually requires a long time pe-
riod and relevant knowledge to do so, meaning experts
would be involved into these tasks, and these will eventu-
ally lead money costing. To address this issue, exploring
methods that release dataset issue has great significance.

Recently, some works based on generative adversarial
network (GAN) are proposed to deal with dataset prob-
lems. Z. Zheng proposed a method to refresh people’s ap-
pearances based on their original appearances and dresses
[48], paper [44] introduced data without label to augment
training samples by GAN. Unsupervised learning is a ma-
chine learning method that learns without labels. Unla-
belled data are added into system by clustering them and
assigning and refreshing the pseudo-labels [19]]. Semi-
supervised methods are also applied to Re-Id [2].

These GAN-based and non-fully-supervised methods
have achieved certain successes, but these methods are
limited to the exploitation of a specific dataset, the fea-
tures that can be learned are limited and constrained by
the task dataset itself, also considering the complexity of
designing specific neural network architectures and mul-
tifarious data processing, there is still room for improv-
ing the method to deal with dataset size problem. We



take inspiration from ImageNet pre-training [4]], which is
to use the external Re-Id dataset to pre-train and enhance
the model, and introduce additional pedestrian and back-
ground features to improve the performance and robust-
ness of the model. Based on this, we attempted two data
augmentation methods and multiple augmentation data.

The first method we used is transfer learning, dif-
ferent from conventional ImageNet pre-trained models
which require such a large dataset ImageNet or down-
loading the general models directly from framework web-
sites like PyTorch, we pre-train our model by external Re-
Id dataset, in another word, we would like to design our
own dedicated pre-training models in a specific research
field. Once we have an external dataset to do pre-training,
another method also come to our mind, that is to directly
stitch it with the target dataset into a new larger dataset,
and the model will learn information directly and simulta-
neously both of these two datasets, rather than sequential
order of the transfer method.

The augmentation datasets applied in our research in-
clude three commonly used real-world dataset, in which
two of them are regarded as the target dataset in the
experiment, and one artificially designed dataset named
PersonX [34]. Since PersonX is a synthetic dataset de-
vised for viewpoint research, we also explored whether
information of various viewpoints caused by different an-
gles of photographed people could influence Re-Id sys-
tem performance, based on which we designed experi-
ments and find that different distribution of viewpoints
does have different influence on synthetic augmentation.

The contributions of our work are:

1) we empirically demonstrate that extra existed real-
world Re-Id datasets could improve target Re-Id per-
formance, on DukeMTMC and Market-1501 they beat
ImageNet pre-trained model 28.3% and 5.2% respec-
tively, this method could be regarded as external Re-1d
dataset compared with the target dataset;

2) we empirically demonstrate that external synthetic
dataset could improve real-world dataset performance
with 22.4% mAP improvement, even splitting syn-
thetic data into multiple small subsets based on their
viewpoint, those subsets are still helpful, which lead
to a possibility that augmentation and pre-training
process could be done by small dataset;

3) we rearrange Re-Id dataset based on their viewpoint,
the distribution of train-test set are approximately
aligned, but different classes are unbalanced, from
whose train-test distribution we illustrate viewpoint
variance leads to different viewpoint-based augmen-
tation performance, and if we augment train set to be
balanced, the performance could be improves as well
but with the significantly small size of data needed.

2. Related Work
2.1. Deep Learning

With the development of deep learning, computer vi-
sion research depend much more than previous stage,
since neural network and deep architecture could extract
features automatically from input data [[15} [16], machine
learning especially deep leaning based Re-Id research has
become the mainstream methodology in this field. M.
Ye and et. al. summarised deep learning based Re-Id
into five stages, (1) raw data collection, (2) bounding box
generation; (3) data labelling, (4) model training and (5)
pedestrian retrieval [39,40], in which stage (4) is highly
depended on deep learning technique. Paper [8] proposed
an architecture with two subnets focusing on verification
and classification respectively. Neural networks learn not
only from people’s identities but also their attributes such
like genders and dresses [20, [25]. Also, the RNN (recur-
rent neural network) techniques ensure the possibilities
of applying people’s partial information [6, [11]], where
images are clipped into parts like heads, necks, torsos,
legs and feet and fed into RNN sequentially from up to
down [36, 137)]. Euclidean distance in feature space is
commonly used to calculate (dis)similarity, multiple loss
functions are designed to calculate recognition loss, such
as Contrastive Loss [35]], Triplet Loss [32], Quadruplet
Loss [3].

2.2. Transfer Learning

Transfer learning is the technique to adapt learned
knowledge from one domain into another one, it assists to
reduce learning time consuming with faster convergence
and avoid to learn from zero, plenty of research illus-
trates that it has great essentiality [12}[28]141]]. Generally,
in practice, we call the learned knowledge pre-trained
model and the target domain to be adapted is the task
requiring fine-tuning. Currently, transfer learning based
Re-Id focus on style transfer from one dataset to another
[5,150], some other work applied ImageNet together with
Re-Id dataset to train the model [8]]. However, K. He and
et al. query that ImageNet based transfer learning and
pre-trained model might not play the most significant role
in tasks if more cost is acceptable [9].

2.3. Person Re-Identification

Deep learning based Re-Id contains many research
methodologies, such as representation based Re-ID, met-
ric learning based Re-Id, local feature based Re-Id, and
GAN based Re-Id [13} 135138 1461 147]].

Due to different pedestrians always have unique at-
tributes such as standing posture and gait, how people
walk, if dataset comprises a sufficient number of im-
ages, these behaviour attributes could be exploited into
useful information to support the Re-Id system. Gait is
about the way people walk, which is positively correlated
with their identities [23l 27]. Pose transferable samples



are used to augment and enhance model training [22],
it chose MARS as source data [45], a large size video-
based Re-Id dataset containing adequate pose informa-
tion, and took pose detection algorithm on every sample
and obtained skeleton representation. PCB (Part-based
Convolutional Baseline) is a novel Re-Id technique ex-
ploiting people’s partial information, which will be even-
tually fed into RNN for training sequentially from head to
feet [36l [37]. As the demand of surveillance and camera
network, large video based Re-Id also become Research
hotspots, works paying attention to temporal modelling
methods, temporal attention and RNN architectures are
proposed in [[7, 117,121} 133].

Confronted with the small dataset size problem and
high cost of labelling data, a large number of methods
are proposed to solve the problem [3| (19, 29, 149]. As
annotating labels is a painful task, utilising data with
non-fully-labelled data or even without a label would
be available. Unsupervised learning, weakly-supervised
learning semi-supervised learning are taking efforts to re-
lease the curse of data. The unsupervised method ap-
plies the extracted features learned from previous CNN
to be clustered and labelled based on probability and re-
peat refreshing [19]. Paper [24] introduced an innova-
tive video-based Re-Id method which can match differ-
ent people across views from unaligned image sequences
with no labelled pairwise data. A semi-supervised work
only focuses on soft label, the label within the camera
containing camera information [29]. Transductive Semi-
Supervised Metric Learning framework is also a semi-
supervised method which is graph-based transductive to
obtain triplets in unlabelled data and a degree-based re-
lationship confidence scoring system to reduce incorrect
triplets [19]]. Weakly supervised learning utilise informa-
tion like the state of people or identities contained by im-
ages [26} 43]], not the conventional bounding boxes com-
parably. Z. Zhou made a brief summary on weakly su-
pervised learning [51]]. Generative adversarial network
is another way to deal with small dataset problem [49].
Some works show the availability of adapting style or
pose from source domain into target domain or generat-
ing more training data, in such ways model gains suffi-
cient training samples and robustness [44, 48,49, 50].

Besides, Re-1d meet other issues like occlusion, illu-
mination, resolution, and viewpoint, requiring model ro-
bustness and more data to face these variations. Sun and
Zheng quantitatively prove in [34] that people’s views
have different effects on system.

Widely using synthetic data is a novel and potential
solution to release dataset size issue because it is easy
to generate data and gain their labels simultaneously be-
cause of the operational simplicity of software such as
Unity [30]], paper [1]] and [34] give positive examples of
applying synthetic dataset in Re-Id research.

3. Method

The current existing and well-known Re-Id datasets
are always in scale 10* ~ 10° of images, especially
image-based Re-Id. This work is inspired by ImageNet
pre-trained models succeeding in various tasks [5 [12].
We hypothesize that Re-1d datasets can be used in a sim-
ilar transfer learning manner to learn task-specific fea-
tures and improve Re-Id performance. If it is possible,
not only Re-Id topics but also other research domains
could exploit their conventional dataset for future tasks,
like what ImageNet means significantly to computer vi-
sion research these days.

3.1. Neighbour-domain Transfer Learning and
Data Stitching

As transfer learning is the machine learning technique
that adapts knowledge learned from one field into the oth-
ers, and currently applied knowledge in computer vision
are mostly learned from ImageNet, we query that is too
general to adapt certain research domain, although fea-
tures are widely extracted, there still are plenty of in-
formation existing without availably used. We want to
pre-train the models from neighbour domains, where data
distribution are much closer to our target than the oth-
ers, and transfer learning method can learn associating
features as much as possible with data size required as
small as possible comparably. We notate the target do-
main as Dy = { X7, fr(X7)} and the source domain as
Ds = {Xs, fs(Xs)}, where X7,g is the training data.
The learning tasks are T and Ts, T' = {Y, f(-)}, respec-
tively, the goal of transfer learning is to improve the per-
formance of the target predictive function fr(-) by apply-
ing the knowledge learned from source domain Dg and
its task T's. The condition is that Dy # Dg or T # Tg,
referring to the mathematical definition in [28]].

Neighbour-domain Transfer Learning (NDTL) is
the learning method referring to how conventional trans-
fer learning works have done, by modifying the range
of source domain to be limited by Xg € R, where R
is the set of collection of all, if possible, Re-Id dataset
R = {Market-1505, DukeMTMC, - - - , PersonX}, and
certainly by this definition X7y € R. Xg =
{zs,,2s,,  + , s, } is the vector of data samples and
Ys = {ys,,Ys,, 1Y, } is the vector of correspond-
ing labels, meanwhile X7 = {z1,,27,,- -+ , 27, } and
Yr ={yr,, Y1, ,yr,, } are input and output respec-
tively. To be clear, Y7 and Yg are not strict mathe-
matical sets in roster notation as multiple instances al-
ways share the same label, but duplicate data items are
permitted in multiset. Usually, 0 < nr < ng, and
specifically for Re-Id, the cardinality of samples is al-
ways much larger than their labels, which is denoted by

The process is to first pre-train the randomly initialised
model on source domain containing an external intro-



duced Re-Id dataset Xg, based on whose knowledge we
fine-tune the model on target domain D7, whose training
set is X, with supervision, where labels Y are avail-
able. We keep former learned information partially or
fully frozen or train them with comparably lower learn-
ing rate such as x 0.1 as latter layers, and the rest layer of
neural network could be trained as usual.

Neighbour-domain Data Stitching (NDDS) is the
method utilising exactly the same external data Xg to
augment the system but in a different way. If above
transfer learning method could be described as a sequen-
tial process, then NDDS is a simultaneous one. A new
dataset is stitched from D7 and Dg, which is notated
as Djs, where M represents multiple datasets. Obvi-
ously, X3y = X7 U Xg in practice, one of X1 and Xg
shall be specially marked as some of the training sam-
ples share same identities originally, such as ID: 0007 ap-
pears in both of Market-1505 and DukeMTMC but cor-
responding to different pedestrians. The task is then to
learn fpr(-) on X, such that it yields the least error
on predicting Y. Representation of training sample is
Xy = {X(1)7;\g(2),... ,X(’“)} and X ¢ REXWXN
where X () is the 7™ mini-batch, H and W are height and
weight of input images and N is batch size, another way
to express is X = {z(M) () ... 2CdM)Y " where
X € RHXWxNxCad(M) e omit network architecture
information channel C for simplicity of expression. Thus
the task for NDDS is to solve the optimisation problem,
shown in equation [T}

Card(M)
ar%(Tan ; L(yi, f(xi)) + A (f(+))

6]
where, by definition, z; € X,/ is the input training
data, y; is the label, L(-) is loss function, J(-) is regular-
isation item to constrain parameters not to overfit, such
as Lo-norm, and A is the hyper-parameter of this item,
f(+) is the set of parameters, which is also known as the
model, we want to learn based on Card(M) training sam-
ples.

3.2. Synthetic to Real-world Augmentation

Considering exiting dataset could be helpful to miti-
gate dataset size issue, but the number of those datasets
themselves are limited, especially the commercially used
ones are always not open source, so the idea that utilis-
ing synthetic data to augment Re-Id system came into our
mind. It is clear that differing from real-world datasets
which are collected in certain locations and time peri-
ods, leading to irrevocable characteristics, synthetic data
is much more flexible to be modified once we meet new
scene and requirement. The core characteristics contain
viewpoint, illumination, scene, dresses and so on. Unity
[30] is the platform to generate synthetic engine which
is controllable and flexible, PersonX is a 3D engine in-

volved in this research, which is originally applied by
X. Sun in [34]]. The dataset contains six scenes, but we
choose one of them as the source dataset. The six subsets
share exactly the same design protocol with only differ-
ent scene, thus we describe it below omitting the scene
protocol. There are 1,266 identities in this dataset, in
order to guarantee the diversity, different identities are
endowed different complexion, ages, height, weight and
hair styles, etc. For each identity, one has 36 view-
points divided with interval 10°, Figure [1(a) illustrates
how a person’s view is determined abstractly and Figure
gives an example. We notate this synthetic dataset
as source domain Dp and its train set Xp, P stands
for the initial of PersonX. From viewpoint perspective,
Xp = {xU0 x@  x® . xPON here
X 1(32) is the collection of identities in view ¢, and we have
that for any 4,5 € {10°,20°,--,360°}, Card(X\")) =
Card(Xft?)), it means all 1, 266 identities appear in all 36
viewpoints, say all viewpoints in this source domain are
balanced.

To validate the availability of using synthetic dataset
to augment Re-Id system, we apply NDTL and NDDS
introduced above. One is to pre-train a model on X p and
fine-tune on our target dataset X, the other one is to
stitch two datasets X p and X to a new dataset and train
from sketch and test on test set of target dataset. From the
characteristic that all viewpoints possess same number of
images and pedestrians, we assume that, theoretically, ev-
ery viewpoint shall support performance equally; if not, it
means different viewpoints make different improvement
with even same identities, scene and size, and then it may
come to some principles. Thus there will be 36 parallel
experiments for each of NDTL and NDDS, each subset
X I(DZ) is regarded as source train data to augment X to
achieve 36 f(9)(-) for testing.

3.3. Viewpoint-Alignment-based Augmentation

As if the existed Re-Id data could be exploited exter-
nally on target, say, external dataset could be used di-
rectly on target dataset, then we draw an assumption that
the dataset itself may be exploited out useful informa-
tion internally based on their characteristics such as view-
points distribution, 36 divisions with interval 10° is one
of the situations, others could be four divisions repre-
sented as the front, back, left and right, and to be more
general, illumination and other features’ distribution in-
side the target dataset may contain useful information to
augment the system.

In this research, since the hypothesis above may not
be true, which means different viewpoints may support
Re-Id system differently even with the same number of
(pre-)train set, we aim to explore influence of viewpoint
distribution of the original dataset on model performance,
whose 36 viewpoints may be distributed unbalanced on
both train-set-classes and train-test-alignment perspec-
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(b) A PersonX pedestrian example containing 36 images
Figure 1. (a) Abstract schematic diagram of pedestrian in 3D
space. The cylinder represents the human torso, the blue ar-
row represents the front direction of person, and the four arrows
at the bottom represent centers of four directions; (b) dataset
demonstration, red tags is equivalent to the bottom arrows in (a)
corresponding to due right, front, back and left.

tive, the distribution of dataset might be the explanation.
If augmentation shall be accomplished based on view-
point distribution, then the viewpoint distribution of tar-
get dataset is required, which ask us to modify the expres-
sion of dataset storage in devices from ID-based shown
in equation 2] which is the original dataset, to viewpoint-
based dataset and the structure is shown in equation[3] for
both train and test set.

0002 0003 i
Xp = {X{0002 x(0003) o xl) Ly o
i € {labels of identities in X}
o= (X Xy

je {X}wo),"' an(j),"' 7X7(1360°)}

This modification requires manually labelling refer-
ring to viewpoint standard and examples from Figure [T}

in another word, new datasets are regenerated. Here we
proposed two ways to align the new dataset, one is to
augment train set such that it aligns best with test set,
the other one is to augment train set itself such that it
is balanced, the former one is to counteract the possible
trick that some views in train and test fit well but the oth-
ers not, which is biased distribution and may be led by
sampling, the latter one is to counterbalance the possi-
ble disproportion of train set. So to augment train set to
align with test set, the task is to calculate the size dif-
ference A = {A007) ... A® ... ABO)Y for each
viewpoint ¢ and interpolate where train is smaller than
test, the process is mathematically expressed in equation
[] To balance train set, the viewpoint containing the max-
imum number of images is the reference indicator that
augmentation should make all the others meet this num-
ber of images, equation |3|frankly explains.

AW = (Card(X$),) — Card(X{) 1))+

T test

“)
(2)+ = maz(z,0)
A = Card(X(Ti;)ain) - Card(X’l("i,)train) )

i* = arg max Card(X:(pZ’)tmin)
i€10°~360°
Based on the 1 x 36 vector A, augmentation data
should be randomly selected from source data for ev-
ery viewpoint, respectively, and here the source dataset
is PersonX. For those data picked out, the augmentation
is to apply them into original target Re-Id dataset, and
there are two ways to do so. One is to use them based on
IDs, and the other one is to keep them in viewpoint form,
both of them, due to following A, maintaining exactly
the same data and angularly meet the requirement of two
protocols to align train set.

4. Experiments

Our target of experiment design contains the following
several parts:

e Validate whether real-world external Re-Id dataset
improve system performance;

e Validate whether synthetic external Re-Id dataset
improve system performance;

o Explore whether different viewpoints have different
augmentation effects;

e If viewpoints do augment Re-Id system differing
from each other, is it the reason that the original
dataset distribution of train and test set does not
align?

e or different views are unbalanced?



This section simply demonstrates the dataset involved
in the experiment and setting protocols. Some settings
are amply illustrated in section 5, as results of the pre-
experiment are achieved.

4.1. Datasets

In this research, to explore that our methods do assis-
tant Re-Id system performance on dealing with small size
dataset, we introduced two classical real-world datasets
collected years ago as our target, an extra real-world one
to provide external sources, a synthetic dataset as exter-
nal dataset and in the viewpoint research those two task
dataset are manually labelled as two novel dataset. Be-
sides, model pre-trained on ImageNet [4} [10} [12] is regu-
larly used, yet this dataset itself is not directly operated,
so its details will not be discussed in the followings.

(1) Real-world data.(a)DukeMTMC-reID [31] was
collected in Duke University, it contains 16,522 train im-
ages and 2,228 query images from different 702 people,
17,661 images are in gallery; (b)Market-1501 [46] in-
cludes 32,668 images under 1501 identities, in which
19,372 and 12,936 are used for testing and training sepa-
rately, query folder contains 3,368 images; (¢)CUHKO03
is the first dataset which is sufficient enough for deep
learning, it was collected in campus of The Chinese Uni-
versity Hong Kong [18]] containing 1467 pedestrians col-
lected from 5 cameras.

(2) synthetic data. In paper [34], X. Sun and L.
Zheng introduced a artificially designed dataset PersonX
in viewpoint research. PersonX is the dataset generated
via Unity [30].

(3) Manually labelled data. For searching whether
each viewpoint has special influence on Re-Id system and
is the performance determined by train-test alignment on
viewpoint perspective, we developed two novel datasets
by manually labelling DukeMTMC-relD and Market-
1501, involving train, validation, gallery and query, based
on their appearance, referring to the standard illustrated
in Figure [Tl For each labelled dataset respectively, the
parents’ folder contains 36 folders representing the 36
classes with various views divided by interval 10°. In or-
der to distinguish the original datasets from these labelled
ones, we call them DukeMTMC-view and Market-view
respectively.

There are mainly four datasets involved in this
projecﬂ Market-1501 [46] was collected by 6 cameras
in open environment in Tsinghua University. This dataset
contains 1501 pedestrians, 751 of them are used for train-
ing, and the rest 750 are for testing, 32668 images are in
total, within which 12936 are used for training, the rest
are for testing. Duke [31] CUHKO3 [18]] ImageNet [4].

4.2. Evaluation Metrics

In order to evaluate the performance of the Re-Id sys-
tem, the commonly applied mAP (mean Average Preci-

IThe details dataset

sion, shown in equation @), Rank-n (n = 1,5,10) and
CMC (cumulative matching characteristics) curve [46]
are used to quantify the result.

> APy
mAP = N, (6)
where NN, is number of query inages and AP is de-
fined based on precision and recall value as AP =
> precisionkj\% (k € Q), N, is the counting of re-
call being refreshed; Rank-n is the value on CMC curve
when rank=n.

4.3. Protocols

The implementation of network in this work is based
on ResNet50 [10], all image boxes are reshaped into
3 x 28 x 28 resolution before fed into networks. Based on
several pre-experiments, Adam [14] is picked as the opti-
miser, learning rate is set 0.01 for training and 0.001 for
starting of fine-tune, due to the usual size of Re-Id image,
batch size is 64.

We trained the models based on relevant augmentation
protocols, such as (a) augmenting DukeMTMC-reID by
Market-1501, CUHKO3 and Market-1501+CUHK, simi-
larly for Market-1501 when it is regarded as task set; (b)
augmenting DukeMTMC-relD by each viewpoint of Per-
sonX. For same group of experiments, we keep the same
initialisation, like DukeMTMC-relD Re-Id systems aug-
mented by CUHKO3 and Market-1501 are started from
the same sketch.

5. Performance Analysis

5.1. NDTL/NDDS methods availability and real-
world dataset augmentation

To validate the availability of real-world data whether
it can mitigate dataset size issue and beat ImageNet with
a small body, we take two dataset DukeMTMC and
Market-1501 as target sets, parallelly, once on of them
is regarded as the target, the other one could be source
data. Moreover, CUHKO3 is purely a source dataset in
this research. So based on NDTL and NDDS, we have
multiple possible combinations to train models. We use
the model pre-trained on ImageNet as the baseline, and
the result is shown in Table [Tl

It is obvious that for both DukeMTMC and Market-
1501, the performances of the models trained based on
NDTL and NDDS are significantly better than the one of
ImageNet pre-trained. These results meet our hypothe-
sis that Re-Id datasets are capable of leading more cru-
cial information for the system even with a much smaller
size. The sizes of real-world datasets involved in this re-
search are DukeMTMC: 67.2MB, Market-1501: 31.6MB
and CUHKO3 38.9MB, yet ImageNet contains 147GB.
As the core interest of this hypothesis is to find out either
real-world dataset or ImageNet is better, so Table [1| only
gives the comparison for that, the question of whether



Table 1. Results of real-world Re-Id dataset augmentation on
target dataset. DukeMTMC and Market-1501 are also used as
source data while not augmenting themselves, respectively. The
initials C., M., and D. are those three real-world datasets applied
in our experiment, I.Net Pre. v/X means whether the model is
pre-trained on ImageNet. For Duke, models trained by NDTL
and NDDS all perform better than the baseline, and similar for
Market-1501 except one case, external Re-Id datasets do assist
target Re-Id better than ImageNet.

Dataset Method Ext. Data mAP R-1 R-10
Duke 59.2 828 953
NDTL
CUHK 55.1 79.5 948
Duke 497 689 873
Market NDDS
CUHK 58.6 802 948
INetPre. X 398 649 89.8
INetPre. v 540 77.6 942
Market 514 723 879
NDTL
CUHK 458 6777 853
Market 59.6 760 91.1
Duke NDSS

CUHK 493 68.8 872

INetPre. X 28.1 445 732

INetPre. v 31.3 482 744

ImageNet is still useful is answered in Table 2] the result
drawn from model pre-trained on Imagenet and then pre-
trained one more time on Market-1501, is better than both
separately pre-trained on those two datasets, so ImageNet
still can offer useful information but not as vital as Re-Id
dataset.

Table 2. The performance in percentage on DukeMTMC dataset
using Market-1501 as source dataset. Four models represent the
combination of whether the skeleton is pre-trained on ImageNet
and which of NDTL/NDDS is applied. Even we have the con-
clusion that Re-Id dataset is more useful than ImageNet but util-
ising ImageNet could still help; this is not the core interest here
but a clarification for ImageNet.

Model mAP R-1 R-5 R-10

NDTL (LNetPre. v) 61.8 77.7 888 923
NDTL (I.Net Pre. X) 514 723 84.1 879
NDDS (I.Net Pre. v) 664 858 93.7 96.5
NDDS (I.Net Pre. X) 59.6 76.0 879 91.1

5.2. Synthetic dataset augmentation and view-
point influence

We validated the feasibility of synthetic dataset via
PersonX. The result illustrated in Table 3] of both NDTL
and NDDS methods convinces that synthetic data can be
beneficial to Re-Id performance.

Table 3. Synthetic data performance on augmenting
DukeMTMC. For the right and left viewpoint, consider-
ing the symmetry, we randomly pick “right” and “left” images
to meet the same number as “front” or “back”; "mix” is all four
viewpoints together but only owe the same number as a full
single viewpoint; “all” represents the full PersonX dataset. For
each side, there is no significant difference between them; full
dataset behaves better than each viewpoints.

Dataset Viewpoint mAP
front 534

back 53.3

NDTL side 532
mix 53.5

all 53.7

front 48.5

back 48.5

NDDS side 48.9
mix 48.9

all 49.6

As PersonX is designed originally for viewpoint re-
search, we would like to see whether viewpoints influ-
ence the performance. Theoretically, with the same num-
ber of augmentation data on each viewpoint, the per-
formance improvement should be approximately similar;
otherwise, either different viewpoints assistant the sys-
tem discrepantly because of their own unexplored and
unknown features; for instance, some front viewpoints
conduct higher accuracy than the ones of back angles on
account of fronts consist of more facial information than
backs, or the target dataset itself containing certain dis-
tributions that leads the bias augmentation result, such
as training sample bias which induces certain viewpoints
owning adequate data are well trained while the others
lack of training.

Table [] is the test results of DukeMTMC augmented
by each view of PersonX, the table is made referring to
Figure it is clear that even with such small dataset
augmentation, 410 images in 4.9MB, the performance is
still better than ImageNet pre-trained one, however, we
see that results from different viewpoints differ from each
other. To demonstrate the internal variance schematic,
we drew the heat-map [2| based on the mean value of all
results. The models are trained by NDTL on each view-
point, the value in every block is the difference between
each mAP and mean value of all of them, AmAP®) =
mAP® — mean(mAP), white colour is where mAP is
equal to the average, red represents improvement and
blue represents decline. From the figure, we can intu-



Table 4. The performance in mAP of models applying NDTL on PersonX data on each viewpoint. This table refers structure of Figure
1(b)} to be clear for comparison, our baseline value is 31.3. It is obvious that all 36 viewpoints in PersonX could improve DukeMTMC

Re-Id result, but their performance differ from each other.

54.0007  53.8(00  53.2(70%)  52.9(80%)  52.3(90%)  53.3(100%) 53 1(110%) 53 6(120%) 52 8(150%)
53.30140%) 53 5(150%)  52,7(160%) 53201707 52 4(180%) 52 4(190%) 53 8(200%) 53 5(210%)  54,1(2207)
54.2(230°)  53,0(240%)  51.2(250%)  53.8(200)  53.8(270%) 53 1(280%)  53.8(290°)  52,9(3007) 54 2(3107)
5453207 53.9(330%)  53.7(340°) 52 0(350%)  53.4(360%) 53 5(10%) 5320207 51,4007 5240407

itively distinguish that the margin of each side, such as
40°, and 130°, performs better than the four due view-
points, graphically, in the heat-map side part obtains more
red blocks than central part, thus is leads our interests to
figure out the reason of these biases.

-05

Four main views

back - 0.2 19 06 0.6 0.1 0.6 03 1

A
Nine angles with interval 10°
Figure 2. Augmentation performance of 36 viewpoints gener-
ated based on Table ] The warmer te colour is, the better a
viewpoint performs augmentation. Red blocks concentrate on
the side of the map yet blue ones are in central location, and it
presumes that side viewpoints of a direction can augment Re-Id
system better than the central ones.

5.3. Dataset alignment

As target dataset alignment is one of the possible
reason for bias viewpoint data augmentation discussed
above, the distribution of viewpoints on Re-Id dataset is
required; thus we manually labelled the original dataset
into viewpoint-based version, Duke-view and Market-
view. The result of the distribution of Duke-view is
shown in Figure 3] it demonstrates distinctly that number
of people appear in different viewpoints vary significantly
from each other, this directly shatters our intuition that
pedestrians including their viewpoints in Re-Id dataset
are randomly shot by camera, selected and clipped by re-
searcher, which would make viewpoint-based dataset ap-
proximately balanced, so we coincidentally find out that
either cameras are specifically located in certain places
and angle, or people under cameras where they are lo-
cated always walk to some certain directions, for exam-
ple, people can only walk in the direction of the road on a

narrow road, but in a place like square, people have many
choices in the direction of walking.

Figure 3. Class distribution of Duke-view. 36 classes are 36
viewpoints with interval 10°, different viewpoints possess sig-
nificantly different number of images, meanwhile, train set ap-
proximately align with test set, they have similar distribution
trend.

Comparing Figure 2] with 3] we can see that roughly
where there is peak value in distribution figure, there is
red block in heat-map, such as viewpoints 40° and 130°.
Thus, we believe the dominant factor of the augmenta-
tion bias is not the variance of viewpoint-based PersonX
data but data distribution of original dataset on viewpoint
perspective. Based on this conclusion, we realise that the
dataset itself could offer useful information, and in this
research, the information is data distribution of 36 view-
points, and full PersonX is not indispensable as there are
some viewpoints that possess sufficient data for training.
Thus we aim to find out whether augmenting train set
such that it aligns best with test set helps or augment-
ing train set to be balanced helps. To be detailed, we take
due back as an example, the reason that the augmentation
is bad is due to there are more test samples of back side
than ones of train, which is train-test non-alignment, or
there are too few back images compared with front, right
and left on train unbalance perspective.

Train-Test Alignment. We pick data from PersonX
based on the difference of train-test distribution on view-
point perspective such that train set aligns best with test
set. Once we have these data, we have two ways to use
them as described in section 3.3. Table[Blillustrates result
of augmenting train-test alignment by PersonX data.

From Table[5] we have a clear result that augmenting
Re-Id train-test-alignment-wise and viewpoint-wise does



Table 5. Model performance augmented based on train-test
alignment. ”ID.” means we split the picked augmentation data
based on their identities, and ”’View.” represents viewpoint lead-
ing to the separation of augmentation data based on viewpoints.
NDTL wins the best with augmentation data being arranged into
different classes based on their viewpoints.

Aug. Method Aug. Arrangement mAP R-1 R-10

ID. 485 69.1 86.8

NDTL
View. 59.3 90.7 96.6
ID. 51.6 69.8 88.2

NDDS
View. 521 70.6 882

improve system performance compared with the baseline
result, and in these four results, the model augmented
by viewpoint-based assignment synthetic data and NDTL
method performs best, the augmentation data only con-
tains 1916 images.

CMC Curve
1.0
0o /1/,,,/~__—____,,
0.8
>
9
o
=]
9]
go74 |
—— PersonX
Train-balance (View./NDTL)
0.6 —— Train-balance (View./NDDS)
—— Train-test-align (ID./NDTL)
Train-test-align (ID./NDDS)
Market (NDTL)
051 Baseline
T T T T T T
0 20 40 60 80 100

Rank

Figure 4. Comparison of multiple CMCs drawn from multiple
models. Our methods are all better than baseline, the Rank-1
values concentrate upon 70% approximately.

Train Set Balance. Similarly we do augmentation
based on train set itself to make all viewpoints balanced,
referring to the viewpoint with maximum training im-
ages. The result is shown in Table [6] ID-based assign-
ment conducts the best performance within the four re-
sult, and all of them are better than the baseline, the aug-
mentation data size is 13112 here.

From the results of these two ways to pick up aug-
mentation data, we can see that both of them could
beat the performance pre-trained on ImageNet with much
less data usage than full PersonX, NDTL method even
achieved a result as good as the one we apply full
Market-1501 dataset. Compare these two augmenta-
tion ways, train-test-alignment-wise is better overall than
train-balance-wise 6.3% averagely, and it means to aug-
ment Re-Id dataset on viewpoint perspective, train-test
alignment is more crucial than train set balance even with

Table 6. Model performance augmented based on train set
classes balance. The overall performance is worse than train-
test alignment but better than baseline. NDDS with augmenta-
tion data arranged based on their identities performs best.

Aug. Method Aug. Arrangement mAP R-1 R-10

ID. 454 654 855

NDTL
View. 47.0 668 855
ID. 49.5 689 87.1

NDDS
View. 445 637 84.0

applying fewer augmentation data. However, the former
better protocol is not available in practice because we
need to regard test set unknown while train set is com-
pletely operable. Nevertheless it does not matter because
the aim to do the train-test-alignment experiment is not to
design the augmentation method to improve performance
but find out the possible reason for bias appears in differ-
ent viewpoints augmentation.

Besides the accuracy improvement, we also moni-
tored the model training process. Figure f] demon-
strates CMC curve where we pick Rank-n value, and
all of our methods are better than the baseline. Fig-
ure |5| demonstrates the comparison of training curves
of model trained on ImageNet pre-trained model, which
is the baseline, Market-1501 NDTL/NDDS model, Per-
sonX NDTL/NDDS model and train-balanced-wise Per-
sonX NDTL/NDDS model, and it is clear that Re-Id
neighbour domain assists its “own” training process bet-
ter than “’the others” out of Re-Id field. Furthermore, of
course, the main task of our work is to consider the cost
to save time and money and find a way better than con-
ventional ImageNet, K. He in [9] argued that ImageNet
might not be significant in some situation like epochs are
large, our neighbour domain augmentation also might not
be crucial on mathematical and accuracy perspective if
the cost is ignored. Yet, this work is to find the way to
achieve better performance than the conventional method
with cost as low as possible. Moreover, Figure [6] illus-
trates feature response examples of three pedestrians that
most of them can learn and contain more useful informa-
tion than the baseline model. Figure [/|gives an example
of Re-Id performance on 4 models, which also shows our
methods advancement.

6. Conclusion

In this research, we empirically demonstrate our hy-
pothesises that external Re-Id datasets are indeed accom-
modating to be adapted on target Re-Id dataset and assis-
tive to mitigate dataset size and labelling issues, and this
idea may be generalised to wider range to be validated.
Furthermore, not only the real-world data could support
Re-Id system but synthetic data as well, it means in fu-
ture research, business and industrial application, people
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Figure 5. Different models have different convergence trends.
Our methods converge faster than baseline, models pre-trained
on real-world dataset CUHKO3 and Market-1501 converge
fastest.

Market, NDDS

Baseline PersonX, NDTL

Train-balance, NDTL, ID.

Figure 6. Feature response demonstration of different augmen-
tation methods. The response of our methods is more distin-
guishable than the baseline. From red to blue, the colder the
colour is, the higher response a image has.

may generate synthetic data rather than collecting req-
uisite ones all from real-world for system augmentation,
which is able to save time and money simultaneously and
significantly. To be specific, some viewpoints do assis-
tant Re-Id system more than other others, which means
we can take one more step to save the cost to collect
and generate data that are more helpful, but still, the ex-
periments are still needed on those datasets having al-
ready aligned train-test set or balanced train set, based on
which viewpoint influence could be discussed more de-
tailed, and it may lead commercial applications to collect
data and train the model within the best condition. On
the other perspective, augmenting data domain-internally
and augmenting synthetic data are the ideas that could
be extended, as ImageNet is too general with contain-
ing too many images variously to be domain-specifically

10

augmented, for instance, vehicle Re-Id task could use
either existed real-world vehicle recognition datasets or
synthetic vehicle images to augment and pre-train. Just
like what ImageNet has been done in computer vision
field, neighbour-domain augmentation and synthetic aug-
mentation may become supportive methods for the other
fields, there could be numbers of novel research topics,
and the conventional dataset may reignite anew.
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Introduction

1.1. Motivation

As deep learning technology are widely developed and applied in computer vision research and business practice,
the more complex models are designed and more data are collected and generated. However, gaining data is a
significantly time-consuming and money-consuming process which includes and is more than video recording,
image shooting, data pre-processing and data labelling. Generally, the more data a programme needs, the more it
cost to gain data. Theoretically, take manual data labelling as example, the time spent on data labelling is linearly
related with the size of dataset, considering the large workload may reduce work efficiency and productivity, the
relationship of time-money-cost and size of dataset maybe worse than linearity. As table 1.1 shown below, the
most well-known dataset are size-limited.

On the other hand, in computer vision research even ImageNet is already broadly applied to pre-trained
model, which is easy to be achieved in deep learning framework such as PyTorch and TensorFlow, ImageNet
is still too general to be specific for a certain research domain, although it does improve the performance in a
comparable short time for training (Kaiming He and et. al. claim in [6] that if time costs are not considered
ImageNet is not indispensable), we still expect that the domain-internal dataset would provide better supports
than ImageNet, meanwhile the dataset size is certainly smaller than ImageNet.

1.2. Research Question

As we see the disadvantage of using ImageNet to pre-train model due to the low domain relevance, the idea
that applying re-Id dataset to pre-train the model would benefit the system performance. Furthermore, directly
training the external re-Id dataset together with the task set is considered as a reasonable method.

* Do external dataset influence Re-ID performance?

— What is the efficient method to use external dataset?
— How much does external dataset improve the performance if it is helpful?

— How it influence the training phase like convergence?

Even we have real world re-Id data to augment the system, they are still limited in a way, some of them are
specifically designed for certain tasks, some of them take settled scene and video sequence losing randomness.
To deal these issues, synthetic data, which could be designed based on tasks’ requirements, such as viewpoint,
illumination and occlusion, are included in our consideration. So we would like to find out how synthetic data
would benefit real world re-Id performance and draw the research question and sub-questions as follow:

* Do synthetic data support real world data?

— Can synthetic dataset make improvement on real world dataset?

— Which parts of synthetic data make the most contributions?

1



1. Introduction

It is wildly known that data distribution may influence prediction accuracy, based on the results we achieved
in previous steps, we wonder that the prediction performance may be determined by the distribution alignment
of train and test data. So we take effort to explore whether train-test-oriented data distribution influence re-1d
performance, we have third research question and related sub-questions:

* How does data distribution influence augmentation performance?

— What is the train-test distribution of task datasets? Do they align?

— Can performance be improved if train set is augmented that it align best with test set?

Table 1.1: Example of some some well-known Re-Id dataset and their basic information. Due to the price of collecting and annotating data

as well as the privacy issues, gaining larger scale dataset is not easy.

Dataset | CUHKO1[12] | VIPeR[4] | PRID[8] | Market-1501[26] | DukeMTMC[17] | MSMT-17[24]
BBoxes 3,884 1,264 1,134 32,668 36,411 126,411
Identities 971 632 934 1501 1812 4104
Cameras 10 2 2 6 8 15
Detector hand hand hand DPM hand FasterRCNN
Scene indoor outdoor outdoor outdoor outdoor indoor/outdoor




Deep Learning

Deep learning is a branch of machine learning, meanwhile, machine learning is also a branch of artificial intelli-
gence. Unlike machine learning to extract features manually, deep learning completes the task of automatically
extracting features by machine. LeNet [11] opened the era of using gradient descent to train convolutional neural
networks. However in the later research neural network did not achieve excellent performance as the other con-
ventional machine learning algorithm due to the hardware and algorithm limitation. General-purpose GPUs and
programming frameworks like CUDA changed this situation, depending on this, AlexNet [10], the deep neural
network was designed to break through manual feature extraction. After the inspiration of AlexNet, neural net-
work development has shown the blowout, such as VGG [20] containing repeated using of blocks, GoogLeNet
containing parallel blocks, ResNet and DenseNet considering information from former layers and Recurrent
Neural Network (RNN) containing sequence information which dominate the performance in Natural Language
Processing (NLP), speech recognition, machine translation and etc..

2.1. Convolutional Neural Network

Convolutional Neural Network (CNN) is the representing algorithm of deep learning which conclude convolution
al calculation and feed-forward neural network.

2.1.1. Architecture

* convolutional layer
The expression of convolution in calculus (equation 2.1) is:
S(t):fx(t—a)w(a)da 2.1)
The discrete form (equation 2.2) is:
s() =) x(t-a)w(a) (2.2)
a
This formula can be expressed as a matrix (equation 2.3):

s(1) = (X« W)(1) (2.3)

we express 2-D convolution (equation 2.4) as:

s, ) =X«W)(i, ) =YY x(i+m,j+nwim,n) (2.4)
m n

The asterisk (*) indicates convolution.

The function of convolutional layer is to extract features from input data, it contains multiple convolutional
kernels which detect local features and map them to feature maps. The size of kernel determines receptive field.
When kernels work, they will regularly do matrix multiplication and add the bias. If it is a two-dimensional
convolution, the expression (equation 2.5) is:



4 2. Deep Learning

K f f
ZMGp=Z s w" Y+ b= Y Y Y (Zi(soi+x,50j + Wi (x, )]+ b (2.5)
k=1x=1y=1

where (i,j) €0,1,...,Lj41, L1411 = Llf—p_f +1, where b is bias, Z; and Z ;. represents the input and output of
layer [ +1, which are regarded as feature map. L; is the size of Z; (assume width equals to height here), Z(i, j)
represents the pixels of feature map, K is number of channels of feature map, f, so, p are kernel size, stride and
padding size respectively.

¢ Activation Function

As the neuron is expressed as Z/*! = Z! x w'*! which is linear module, overlaying of neural network layers
cannot solve non-linear classification problems, the idea of activation function is to make neural network be able
to solve non-linear problems. The general form of activation function can be expressed as below (equation 2.6):

Aﬁ’ k= f(Zﬁ, ix) (2.6)

where f(-) is the activation function. The wildly used activation function in CNN are ReLU (Rectified Linear
Unit), Sigmoid, hyperbolic tangent and Softmax. Other variants similar to ReLU include: ReLU with slope
(Leaky ReLU, LReLU), Parametric ReLU (PReLU), Randomized ReLU (RReLU), Exponential Linear Unit
(ELU). Figure 2.1 shows six examples of activation function.

1 10

Nl
o(z) = pies max (0.1, z)
tanh Maxout
tanh(x) » max(wi z + by, w3 T + bs)
ReLU ELU
0 x x>0
maX( ) x) " i {a(ez _ 1) T < 0 0 - 7o

Figure 2.1: Several activation functions commonly used in deep learning.

* Pooling layer

After feature extraction process in convolutional layer, the output feature map will be sent to the pooling
layer for feature selection to filter essential information, meanwhile the size of parameters could be reduced. The
pooling layer contains a pre-set pooling function, it is to replace the result of a single pixel in the feature map with
its neighbouring regions information. The pooling layer selects target pixels in the same ways as convolution
kernels scanning feature map, which is controlled by the pooling size, stride and padding. The general expression
of L, p pooling is (equation 2.7):

p

fof
AL, =YY Alsoi+x,50) + )P 2.7)
x=1y=1

the definition of stride sy, pixel (x,j) are same as convolutional layer. To be specific, when p = 1, the
function takes mean value in pooling area for which it is called average pooling; when p — oo, the function takes
maximum value in pooling area, for which it is called max pooling. Figure 2.2 illustrates the difference between
average pooling and max pooling and how they work.

* Fully connected layer
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Feature map: 4x4

Average-pool with 2x2 filters Max-pool with 2x2 filters
and stride 2 1 2113 1| 4 and stride 2
6 8 316|718 3 155
< >
319 02[7]|2 1.5] 6
1[{3]19]|6

Figure 2.2: Average pooling and max pooling, the input from convolution layer is 4 x 4, pooling filter size is 2 x 2, stride is 2.

From previous steps, original data are extracted by convolutional layers, pooling layer and activation function,
the information are mapped into hidden feature space, fully connected layer is to map those learned features into
labelling space of samples. In fully connected layer, feature maps from last layer are flattened and turned into
single vector, it takes the responsibility to to make classification decision.

Figure 2.3 is a demonstration of a convolutional neural network, it explains the previous structures introduced

above.
- Health
E - Alarm Y
- Danger
O O

- Damaged

FULLY
INPUT CONVOLUTION + RELU POOLING CONVOLUTION + RELU POOLING FLATTEN CONNECTED SOFTMAX
Aircraft Structural Condition

Feature Learning

Sensing Input Classification

Figure 2.3: Demonstration of CNN architecture on aircraft condition classification, including convolutional layers, pooling, activation and
fully connected layer.
* Backpropagation (BP)

Backpropagation algorithm is an essential constitution of deep learning algorithm to update parameters by
calculating derivatives. The general expression of BP is (equation 2.8):

oL 1 K f f . oL 1+1 ;
(G_A) = Z Z wkﬂ(x,J/) (O_A) f/ (Ai,j)
i,j k=lx=1y=1 So+x,50+Y,k (2 8)
wl:wl+1_a(6_L) R AM(O_L)’“
04), 04),

where L is loss function, f’ is the derivative of activation function, « is learning rate.

2.1.2. Loss functions
Loss function is also known as cost function, it is used for evaluating the discrepancy between prediction made
by deep model and true value, the essence of deep learning is basically to optimise the loss function, the training
process is to minimise the loss function.The lower the loss is, the better the model performs. Some well-known
loss functions are listed below:

Zero-One Loss (0-1 loss, equation 2.9):

1, Y # f(X)

0, ¥ = f(X) @9

LY, f(X)) ={
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Perceptron Loss (equation 2.10):

1, | Y-f(X)|=¢
L(Y,f(X))={0 IY—}CEX;LIT (2.10)
Absolute Loss (equation 2.11):
LY, f(X) =Y - f(X)] (2.11)
Quadratic Loss (equation 2.12):
LY, f(X)) = (Y - f(X))? (2.12)
Log Loss (equation 2.13):
L(Y,P(Y|X))=-logP(Y|X) 2.13)
Cross-Entropy Loss (2.14):
C= 1Z[ylna+(1—y)ln(l—a)] (2.14)

n-x

where 7 is total number of samples, x is sample, y is ground truth and a is prediction.

From Figure 2.4 we can see different tasks always apply different loss surface, corresponding model training,
which is to search the minimum of loss function, to the surface, the task is to find “valley” bottom (deepest point)
of these figures.

Figure 2.4: Demonstration of two loss surface with different sharpness/flatness. The left loss function may not achieve the global minimum
due to the cragginess, on the contrary, the right one is more probably converged faster.

2.1.3. Regularisation
As loss function only consider the performance on train set which may lead over-fitting, to overcome this reg-
ularisation should be introduced into system. Various regularisation methods could be used in CNN algorithms
to prevent over-fitting, common regularisation methods include L — p-norm regularisation, random inactivation
(spatial dropout) and random connection Inactivation (drop connect).

Lp-norm regularisation define a loss function with a regularisation item shown in equation 2.15:

Lw; X, y) = Lw; X, ) + AY_llwlp (2.15)

where L(w; X, y) is loss function, }_ || wlp is regularisation item, A is regularisation parameter, when p = 1,
regularisation item is convex function [7], and specifically, when p = 2, L,-norm regularisation is called Tikhonov
regularisation [2].



2.2. ResNet 7

2.1.4. Normalisation

In deep neural network, as the input data is transmitted step by step in hidden layers, the mean and standard
deviation will change, resulting in covariate shift phenomenon [9], it is considered to be one of the reasons for
vanishing gradient in deep neural network.

Batch normalisation (BN) partially solves such problems at the cost of introducing additional learning pa-
rameters. Its strategy is to firstly standardise the features in hidden layers, and then use two linear parameters
to amplify the standardised features as new inputs. The neural network will update BN parameters in learning
process [9]. BN parameters in CNN have the same properties as the convolution kernel parameters, that is, the
pixels of same channel in the feature map share a set of BN parameters. Y. Wu and K. He introduced a new
method Group Normalisation (GN) [25] which normalises based on division of channels. Other normalisation
methods include Layer Normalisation, (LN) [1] and Instance Normalisation (IN) [22]. Equation 2.16 shows how
BN works.

2 i L 2
O = 5 2 (X~ Haa) (2.16)

Vi —YXi+p=BNyg(x;)

where p is mean and o is standard deviation, m is batch size, € is to prevent invalid calculation due to g2=0,
Y and B are the scale and shift parameter to be learned.

2.2. ResNet

The design of ResNet (Deep residual network) is a milestone of deep learning and CNN development, it was
proposed in 2016 by Kaiming He et al [5], which won the first at ILSVRC and COCO 2015. Conventional
CNNss suffer degradation problem when layers of network are increased due to the impossibility of identity
mapping causing by activation functions like ReLU [18], which leads irreversible information loss. ResNet
introduced residual blocks into networks which aims to learn residual information % (x) = A#°(X) — X, where
JC(X) = & (x) +x is the output from a residual block, x is identity mapping, fitting & (x) = 0 is easier than fitting
J€(x) = 0 (conventionally) directly. Currently, wildly applied ResNet architecture includes ResNet-18, ResNet-
34, ResNet-50, ResNet-101 and ResNet-152.

X
Y
weight layer
F(x) Jrelu x
weight layer identity

Figure 2.5: Residual learning block.






Person Re-Identification

Person Re-Identification is widely known as Re-Id, one important and difficult task under computer vision. It
is the task to recognise person from one camera given information from the other cameras, the given images
or videos are defined as train set and the people who are aimed to be recognised are regarded as test set, the
probes are called query. Thus this research could also be treated as an image retrieval problem. Re-Id has great
application in intelligent video monitoring, intelligent security field and others. Current Re-Id research meets
issues like video/image low resolution, same people show different viewpoints, object occlusion and illumination
conditions [27], examples are shown in Figure 3.1.

(a) resolution (b) viewpoint (c) occlusion (d) illumination

Figure 3.1: Four issues Re-Id researches are confronting with. (a) Due to camera situation, some Re-Id datasets contain low resolution
images; (b) same person appears in variant views in dataset; (c) people in some scene are occluded by other people; (d) people are shot in
different scene with different light conditions.

3.1. Methodologies

Representation learning based method [14, 27] is conventional but essential, it depends on CNN extracting
features for task requirements automatically. Beyond exploiting people’s ID, other attributes like dresses and ap-
pearances are analysed to improve performance. Representation learning based Re-Id methods become research
baseline commonly, with comparably high robustness and stability. Metric learning based methods aim to learn
distance between mages on feature space. The general idea is to push images with different IDs as far as possible,
mean while, the positive samples should stay closer. Euclidean distance between two images I;, I; is defined as
equation 3.1, f;, f; are features extracted by feed-forward neural network.

g, 1; = 1fr, = fi; |l (3.1)

Contrastive loss (equation 3.2, y = 0: different ID, y = 1: same ID, « is hyper-parameter and (s)+ = max(s,0))
[23] applying Siamese network to operating the distances in feature space;

9
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Le=ydf ; + (1= y)a—d); (3.2)
triplet loss (equation 3.3, a: anchor, p: positive sample and 7n: negative sample) [19] introduced Anchor to

do such task.
Li=(dap—dan+a): (3.3)

Furthermore, information such as gait, pose, partial feature and temporal sequence are attempted which also
achieved good performance. Dataset size is also a research interests, GAN (Generative Adversarial Network)
[28, 29] made ways to deal this problem.

3.2. Evaluation Metrics
In current research, several metrics are commonly referenced for evaluating trained model, such like mAP ,
Rank-n (neN,,1,2,---,10,---) and CMC.

* mAP (Mean Average Precision)

mAP is the mean value of AP (Average Precision), firstly, Precision and Recall are defined in equation 3.4
and 3.5

TP
Precision = ——— (3.4
TP+ FP
TP
Recall = ——— (3.5)
TP+FN

where TP stands for True Positive, FP stands for False Positive and FN stands for False Negative. Simply,
Precision is how many samples detected are accurate, and Recall is how many accurate items have been retrieved.
An example of complex dataset’s PR diagram is shown in Figure 3.2, which indicates the performance of a model.

1.0

0.8

o
o
T

Precision

I
IS
T

0.2}

0.0 0.2 0.4 0.6 0.8 1.0
Recall

Figure 3.2: An example of PR diagram. The larger the area enclosed by the curve is, the better a model is.

Clearly, area enclosed by the curve and axis is related with model performance. The area is defined as
Average Precision. From calculus we have the area is (equation 3.6):

1
AP:f p(rydr (3.6)
0

yet in Re-Id practice the result of PR diagram is discrete, p(r) is unavailable, so it leads a discrete summation
for N query results (recally, precisiony),k€1,2,---, N (equation 3.7):
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N
AP = Z precisiony(recall, —recalli_,) 3.7
k=1
considering some neighbour points maintain same recall (recally—recalli_; = 0), the only significant recall
values have number of N,, it is the number of images with same label with query image, equivalently, when recall
is refreshed, it means a new images is correctly recognised, thus we have Arecall = N% So, equation 3.7 can be
written in equation 3.8:

AP =) precisioniArecall, k€ Q (3.8)
3

Q is the set of kg, images that have same label with query. The equation above is Average Precision for each
query, thus mAP is mean value for all AP results (equation 3.9).

(3.9)

Figure 3.3: Demonstration of person Re-Id performance. From Rank-1 to Rank-10, the former a image are located, the higher probability it
has that Re-Id system judged, where blue boxes indicate correct results and red ones are misclassified.

« CMC

CMC is the abbreviation of Cumulative Matching Characteristics, it reflects performance of Re-Id model.
For calculating CMC, top K accuracy (AccuK) is defined (equation 3.10).

1,first K results contain target images

0, first K results do not contain target images (3.10)

AccukK = {

target images means that ones own same ID (label) with probe image. For each query, the AccuK is like
Heaviside step function, it is exactly a first hit problem. When it has the first matching as query image, ranked
at Fy, AccuK = F, 0 goes to 1. Thus, for the system CMC is mean of summation of all AccuK. Based on the
properties of step function, CMC must be a monotonically increasing function. Generally, when dataset is large
enough, CMC curve is like Figure 3.4.

e Rank-n

Rank-7 is the value on CMC curve when rank=7n. For instance, Rank-1, Rank-10 are the value on CMC
when rank=1 and 10.
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CMC Curve

0.85

Identification Accuracy

O
(o)

0.75 | 5
0 5 10 15
Rank

Figure 3.4: Example of CMC curve. The larger the area enclosed by curve and axis, the better the model is.



Transfer Learning

4.1. Transfer Learning
Transfer learning, just as its name implies, is to transfer the trained model parameters to new model to assistant
model learning. Considering that some data or tasks have high relativity, it is possible to employ transfer learning
to share the learned model parameters (also known as knowledge) to the new model in some way to speed up
training process and optimise the learning efficiency of the model, preventing from starting from scratch.

Pan, Sinno Jialin and Yang, Qiang introduced transfer learning on [15], and in more detail, it is divided into
the following directions in Figure 4.2. The mathematical definition is:

"Given a source domain Dg = Xg, fs(X) and learning task T, a target domain Dy = X7, fr(X)

and learning task T7, transfer learning aims to help improve the learning of the target predictive
function fr(-) in D using the knowledge in Dg and Ts, where Dg # D, or Ts # Tr."

TRAINING FROM SCRATCH

=) CAR v

CONVOLUTIONAL NEURAL NETWORK (CNN)

a LEARNED FEATURES 935"/?0 =) TRUCK X
— = rar e £ A .
e IMESY it R R

2%
=== BICYCLE X

TRANSFER LEARNING

TRAINED ON CATS AND DOGS FINETUNE NETWORK WEIGHTS

=) CAR v
a % PRE-TRAINED CNN H NEW TASK F
) TRUCK X

NEW DATA

Figure 4.1: Demonstration of transfer learning.

4.1.1. Deep transfer model and fine-tune
With the development of deep learning, more and more task are solved via deep neural network, however, training
a model from sketch is costly on both time and money perspective. Referring the idea of transfer learning from
conventional machine learning, deep learning take actions to exploit the existed models.

The availability and principle of deep transfer learning is based on how neural network works. Take computer
vision task as example, the former layers of neural networks are capable of learning low-order features such like
edges and corners, then embedding to textures and shape and so on. Deep transfer learning aims to learn the

13
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Self-taught
/ E‘:) Learning
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Figure 4.2: Various types of transfer learning.

object function f7(-) from fs(X). The basic but common features mentioned above are reduplicate which would
waste calculation resource on training them. Transfer model is to exploit those features and explore their own
characteristics in latter layers. To keep the simple features, fine-tune technique initialises the task model by
pre-trained model parameters obtained from the other datasets, .

In computer vision research, model pre-trained on ImageNet is deeply applied. The detailed explanation of

ImageNet is located in Chapter 5.



Dataset Description, Processing and Coding

5.1. Re-Id Dataset
5.1.1. Market-1505

The Market-1501[26] dataset was collected on the campus of Tsinghua University, shot in the summer and
published in 2015. It includes 1501 pedestrians and 32,668 detected pedestrian bounding-boxes captured by 6
cameras. Each pedestrian was captured by at least 2 cameras, and there may be multiple images in one camera.
The training set has 751 people, containing 12,936 images, and each person has an average of 17.2 training data;
the test set has 750 people, containing 19,732 images, and each person has an average of 26.3 test data. The
pedestrian bounding box of the 3368 query images are drawn manually, while the pedestrian boxes in the gallery
are detected using DPM detectors.

* Directory structure

bounding_box_test

o 0103_c5s1_017226_03.jpg
o 0103_c5s1_017301_02.jpg
o 0103_c5s1_017351_03.jpg

bounding_box_train

o 0118_c3s3_070394_02.jpg
o 0118_c6s3_094192_01.jpg
o 0118_c6s3_094117_01.jpg

gt_bbox
o 0001_cl1s1_001051_02.jpg

— query
o 0478_c3s1_135658_00.jpg
o 0478_c4s2_051923_00.jpg

— readme.txt

* Directory introduction

— "bounding_box_test": 750 people are used in the train set, containing 19732 images.
— "bounding_box_train": 751 people are used in the train set, containing 12,936 images.

— "query": Select an image from each camera randomly as a query for 750 people, so there are at most
6 queries for a person, with a total of 3,368 images.

15
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— "gt_query": Matlab format, it is used to determine which pictures of a query are good (the images of
the same person from different cameras) and which ones are bad (images of the same person from
the same camera or images of different persons).

— "gt_bbox": Manually labelled bounding box, it is used to judge whether the bounding box detected
by DPM is a good box.

* Naming rules take 0103_c5s1_017226_03.jpg as example:

0103 represents the label of each person, from 0001 to 1501;

¢5 represents the first camera (camera 5), there are 6 cameras in total;

s1 represents the first video segment (sequence 1), each camera has several video segments;

017226 represents the 017226" picture of c5s1, the video frame rate is 25fps;

01 represents the first detection frame on the frame c5s1_017226. Due to the DPM detector, several
bboxes may be framed for pedestrians on a single frame. 00 means manual marking box.

5.1.2. DukeMTMC-Reld

The DukeMTMC [17] dataset is a large-scale labelled multi-target multi-camera pedestrian tracking data set col-
lected on Duke University campus in 2014. It provides a new large-scale high-resolution video data set recorded
by 8 simultaneous cameras, with more than 7,000 single-camera tracks and more than 2,700 independent charac-
ters. DukeMTMC-relD is a pedestrian re-identification subset of the DukeMTMC dataset, and provides manually
labelled bounding box.

* Directory structure

bounding_box_test
o 0103_c5s1_017226_03.jpg
o 0103_c5s1_017301_02.jpg
o 0103_c5s1_017351_03.jpg

bounding_box_train

o 0118_c3s3_070394_02.jpg
o 0118_c6s3_094192_01.jpg
o 0118_c6s3_094117_01.jpg

— query
o 0478_c3s1_135658_00.jpg
o 0478_c4s2_051923_00.jpg

README.md
CITATION_DukeMTMC.txt
CITATION_DukeMTMC-relD.txt
LICENSE_DukeMTMC.txt

— LICENSE_DukeMTMC-reID.txt

* Directory introduction

— "bounding_box_test": 702 people are used in the train set, containing 17,661 images.
— "bounding_box_train": 702 people are used in the train set, containing 16,522 images.

— "query": Select an image from each camera randomly as a query for 702 people, so there are at most
8 queries for a person, with a total of 2,228 images.

— "gt_query": Matlab format, it is used to determine which pictures of a query are good (the images of
the same person from different cameras) and which ones are bad (images of the same person from
the same camera or images of different persons).
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"gt_bbox": Manually labelled bounding box, it is used to judge whether the bounding box detected
by DPM is a good box.

¢ Naming rules take 0103_c5s1_017226_03.jpg as example:

0103 represents the label of each person, from 0001 to 1501;

c5 represents the first camera (camera 5), there are 6 cameras in total;

s1 represents the first video segment (sequence 1), each camera has several video segments;
017226 represents the 017226 picture of c5s1, the video frame rate is 25fps;

01 represents the first detection frame on the frame c¢5s1_017226. Due to the DPM detector, several
bboxes may be framed for pedestrians on a single frame. 00 means manual marking box.

5.1.3. CUHKO03

CUHKO3 [13] is the first large-scale pedestrian re-identification dataset sufficient for deep learning research. The
images of this dataset are collected on the campus of Chinese University of Hong Kong (CUHK). The data is
stored in the .mat file format of cuhk-03.mat, containing 1,467 different pedestrians, collected by 5 pairs of

cameras.

¢ Directory structure

detected: 5x 1 cell

© 843 x 10 cell
© 440 x 10 cell
o 77 x 10 cell
o 58 x 10 cell
o 49 x10 cell

labeled: 5 x 1 cell

o 843 x 10 cell
440 x 10 cell
77 x 10 cell
58 x 10 cell

o
o
o
o 49 x 10 cell

testsets: 20 x 1 cell

¢ 100 x 2 double matrix

README.md
CITATION_DukeMTMC.txt
CITATION_DukeMTMC-relD.txt
LICENSE_DukeMTMC.txt
LICENSE_DukeMTMC-relD.txt

¢ Directory introduction

"detected": 5 x 1 cells, it was labelled by machine, each cell contains a pair of photos collected by a
camera group, as shown below:

Each camera group is composed of M x 10 cells, M is the pedestrian index, the first 5 columns and
the last 5 columns are from different cameras in the same group. Each element in cell is a pedestrian
frame image of H x W x 3 (uint8 data type), some may be vacant and an empty set.

"labelled": 5 x 1 cells, the pedestrian bounding boxes are manually labelled, the format and content
are the same as "detected".

"query": Select an image from each camera randomly as a query for 702 people, so there are at most
8 queries for a person, with a total of 2,228 images.
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— "testsets": 20x 1 cells, test protocol, composed of 20 100 x 2 double type matrices (repeated 20 times).
100 x 2 double, 100 rows represent 100 test samples, the first column is the camera pair index, and
the second column is the pedestrian index.

* Naming rules take 0103_c5s1_017226_03.jpg as example:

— 0103 represents the label of each person, from 0001 to 1501;

c5 represents the first camera (camera 5), there are 6 cameras in total;

s1 represents the first video segment (sequence 1), each camera has several video segments;

017226 represents the 017226 picture of c5s1, the video frame rate is 25fps;

01 represents the first detection frame on the frame c¢5s1_017226. Due to the DPM detector, several
bboxes may be framed for pedestrians on a single frame. 00 means manual marking box.

5.1.4. PersonX_vl

PersonX_v1 [21] is a dataset designed for viewpoint research in re-Id field, the engine is generated by Unit [16].
The dataset is comprised of six backgrounds, three of them are pure colour and the rest three contain scene
backgrounds. There are 1266 manually marked identities, including 547 females and 719 males, each of them
are consisted of 36 images, those 36 angles apply 36 viewpoints with interval 10°, such as 10°, 20°, ..., 350°
and 0°(360°). In our work, we chose the 6th subset, one with background, as the external synthetic dataset to be
applied. The viewpoint description and an illustration of the subset of PersonX_v1 are shown in 5.1.

Front

Figure 5.1: Different viewpoints of PersonX dataset. Each image of every identity in this dataset are sampled with interval 10°. Front views
represent degree 50°-130°, similarly, 140°-220° stand for right, 230°-310° stand for back and 320°-40° stand for left. The angles which are
marked in red are the due views of these four views respectively.

5.1.5. Imagenet
ImageNet [3] is the largest dataset of computer vision research domain. It was established by scientists from
Stanford University, simulating human recognition system.
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5.2. Pre-Processing

For Market-1501, DukeMTMC-reID, CUHKO3 and PeronX_vl, the original data was divided into pytorch di-
rectory as pytorch/train, pytorch/val, pytorch/query and pytorch/test respectively, this operation is to load data
via "Dataloader" package in Pytorch.

5.3. Coding

The experiments are mainly done based on Python, PyTorch framework are used specifically for deep learning;
few data, which is stored in .mat file, such as CUHKO3, were processed by Matlab. The data obtained during
the experiment, such as data distribution, is stored in . pyn format.
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