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Abstract

An OpenlSS Framework Specialization for Deep Learning-based

Person Re-identification

Haotao Lai

Person detection and person re-identification are rapidly increasing research areas in
computer vision. They are independent but related. In fact, the output of person
detection is the input of person re-identification. There are a certain number of
solutions for each of these two individual tasks. But currently, there is no existing
solution that can combine them to form an integrated working pipeline.

To fill the gap, we propose a highly modular and structural framework solution
that provides the functionalities including not only cross-language invocation and
pipeline execution mechanism but also viewer, device, tracker, detector, and
recognizer abstraction. We instantiate the proposed framework to achieve our goal of
tracking the same person across multiple cameras, which essentially is the combination
of person detection and person re-identification. Besides the main task of person re-
identification, we also support skeleton tracking, as well as camera calibration, image
alignment and green screen image which commonly comes with a computer vision
framework. We evaluate our proposed solution according to the requirements and
usage scenarios and report the major metrics used by the research community for

person detection and person re-identification tasks, respectively.

il
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Chapter 1

Introduction

In this chapter, we will first introduce our team’s previous work named Illimitable
Space System (ISS) then point out the pain spots we encounter when using it.
Motivated by these issues, we propose the goal we would like to achieve in this thesis.
Furthermore, we define our research problems and extract requirements from usage
scenarios. Finally, we discuss our contributions, followed by a brief introduction to

each of the following chapters.

1.1 Background

Due to our previous work [34] named ISSv2, we were able to create real-time motion
capture, projection mapping and artistic performance on the stage with one camera.
Some example images of our performance are shown as Figure 1.

ISS is a real-time interactive configurable artist’s toolbox used to create music
visualizations, visual effects and interactive documentary based on the inputs from
users such as gestures or voice. The goal of ISS is to enhance interaction between
actors and graphics so that it is all projected as an integrated piece. It aims at
freeing up the artists as much as possible so that they are able to perform freely in
their own way without worrying about the performance technology. ISS was originally
proposed in [46] and improved in [34], in order to differentiate them, we named the

former ISSv1 and the latter ISSv2. Also, there was ISSv3 [48, 60] which was designed



Figure 1: Artistic show produced by ISS

for virtual reality applications, but out of the scope of this thesis. We mainly focus
on ISSv2 which can be conceptually represented by Figure 2, which is a significant
improvement over ISSv1 and is used for rapid development of real-time, motion-based
graphics applications implemented using Processing which is a software sketchbook

for visual arts written in Java.

1.2 Limitations of ISSv2

When we have more chances to do more performances in different places, we found
that sometimes the stage given to us is too large and cannot be covered by only

a single camera [47, 49]. It restricts us to design the performance within a limited

2
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Figure 2: Block diagram of Illimitable Space System (ISS)

space, which is actually conflicting with our project’s name, Illimitable Space System.
Also, recently the price of consumer-level depth camera has become much cheaper.
In the market, there are different kinds of depth cameras being manufactured (like
Kinect v1, Kinect v2 and RealSence) and these cameras have become more and more
powerful (higher speed, frame rate, resolution, larger bandwidth and etc). But ISSv2
is hardware-dependent, as it can work only with Kinect v1 which is kind of out of
date now.

Under such a situation, we started to think that if one camera is not enough,
we can have more than one and each of them takes care of a certain area of the
large stage so that we break the restriction and can design much better performance
without space limitation. By using more than one camera, a problem comes to our
mind naturally: How can we identify the same person across different cameras since

we need to track them and apply specific visual effects on certain actors? From this



point, developing a system that can track people across multiple cameras becomes
essential. This idea can not only benefit us but also the security-and-protection
industry or even the police department. Since with such a system, one can identify a
specific target (like suspect) across multiple cameras if he/she is captured by any of
the cameras.

In order to catch up with the device evolution, we would like to move from older
devices to the latest models. But we don’t want to discard our previous compatibility
while evolving to new technologies. So how to enable our previous work to be

compatible with various kinds of cameras is also a challenge in our works.

1.3 Research Problem

From the situation described above, our research tasks can be intuitively divided
into two parts: (1) person re-identification and (2) camera abstraction. Person
re-identification (ReID) recently is a hot research topic in the computer vision
community. It requires the system to identify the same person across different

cameras, which can be further broken down into three components:
e person detection
e person tracking
e person retrieval

If we have a fast enough system, we don’t explicitly need person tracking. Instead,
we can perform person detection on each coming frame from the camera which is
functionally equivalent to person tracking. Under this consideration, we omit person
tracking in this thesis. For device encapsulation, we focus on the total of three kinds
of cameras: Kinect v1, Kinect v2 and RealSense D435, and will ensure that when a
new device needs to be appended, the process will be simple, easy to implement, and
will have no side-effect with the existing devices.

In the following subsections, we are going to formulate our research problem

scientifically. For person detection, we enlarge our target set not only for the person

4



but also for all kinds of objects and the same applies to person retrieval. So we end

up with object detection and object retrieval.

1.3.1 Object Detection

In object detection, we are given an image I and a list of classes C' which the objects
appear in I belong to. The task is to detect instances of the object within I belong
to a specific class in C'. For each instance i, we need to output first ¢ € C' which
represents which class this instance belongs to and second a bounding box B to

indicate the location of that instance in image 1.

1.3.2 Object Retrieval

In object retrieval, we are given a query image ¢ and a set of gallery images G. The
task is to find the most likely image g € G for which both ¢ and g represent the same

instance instance(q) = instance(g).

1.3.3 Device Abstraction

The second part we mentioned above is that we try to conceptually eliminate the
differences among various kinds of cameras. It can be translated as we would like
to access data via a set of common APIs without considering what kind of hardware
we are using. Assume we have a list of device D = dy,ds,...,d, and a list of API
F = fi, fo, ..., fn, we can trigger the same effect while calling the same API which
can be mathematically expressed as: 3f,, € F,V(d;,d;) € D = f,(d;) = fu(d;).

1.4 Motivation and Goal

The original design of ISSv2 targets to create music visualization, visual effects, and
interactive documentary easily for artistic people who don’t have extensive knowledge
in computer science and programming. So the architecture and the design needs to

be relatively simple. The main focus should be given to visual effect design and how



to display them to the audiences. What’s more, currently, ISSv2 can only use Kinect
vl as the input device. Efforts have been put to enable Kinect v2 but due to the
low-level dependencies (e.g. hardware driver) conflict, not all the features can be
replicated and compatible.

Based on the limitation we found and some new demands, we conducted a
comprehensive survey and found that there is no existing solution targeting our
problem directly. So we would like to abstract a back-end system for ISS while keeping
the front-end remaining unchanged. The back-end system here means the hardware,
scheduling algorithm, pipeline construction, and other common APIs. Front-end
basically means the artistic part, like visual effect design, music visualization and so
on.

It is worthwhile to mention that as this work is being developed, there are another
two other research works going on in parallel under the same umbrella. Jashanjot
Singh is working on a system that can do gesture tracking and recognition while
Yiran Shen is working on a system that can do facial landmarks detection and facial
expressions recognition. We would also like these two works to be accessed via the
same set of APIs which means all these three works should somehow be operated
within the same operational software framework.

Here is a summary of our goal: we would like to design and implement a
system that provides a way to abstract different kinds of depth cameras
and the functionality of person re-identification. It should also support

integrating with other modules and enjoy good extensibility and usability.

1.5 Scenario and Requirement

With the goal we defined above, in this section we will give a few concrete use-
case scenarios we expect to achieve in this thesis. These scenarios, in their own way,
highlight one or more problems that have not been solved by any existing solution yet.
We not only aim at solving these problems individually, but also to provide a general

solution to all these problems under the same software solution. We analyze these



scenarios one by one, then extract both functional and non-functional requirements

(FR and NFR), which becomes the concrete implementation goal of our solution.

1.5.1 Device Switch and New Device Addition

Imagine a scenario where we would like to develop a new version of ISS may be named
[SSv4. This time, we need to support device Dy and Dy where D; was supported by
its previous version and D, is a newly added device. The difference between D; and
D is that D; was designed for the indoor environment while Dy can perform better
in the outdoor environment. So depending on where the performance will be given,
we need to be able to switch between D; and D,. This kind of switch should just
literally unplug one device from the system and plug in the other one. Only a few or
even no modifications should be made in the code to obtain the same effect from the
application point of view. Also, if later a new device D3 comes to the market, the
system should be easily extended to be able to make use of Dj.

This usage scenario can be abstractly summed-up as the following, which becomes

two of our requirements:

e FR1: The solution shall provide an abstraction layer for the hardware that

enables the physical device transparency property to the users.

e FR2: The solution shall ensure the extensibility of the abstraction layer
required in FR1 which means when the new devices come only a few or no

modification need to be made and will not affect the existing system.

1.5.2 Back-end Abstraction

Let’s continue using the scenario setting we described above, this time we need to
map the performance onto another backdrop rather than the one where the actual
performance is taking place, which means that we need to extract only the actors out
with all the other background removed. Keep in mind that there are two different

devices supported D; and Ds, according to our settings. The most straightforward



way to do is that for each device, we create a filtering algorithm employing some
methods provided by the hardware driver to perform background removal. But the
limitation is also obvious when a new device is added: you have to re-implement the
same algorithm again and again for each new device. If another demand is required,
you need to implement all of them when a new device is being supported. Another
elegant solution is that we could extract the data needed to perform background
subtraction into a common data structure then apply a general algorithm based
on it. Next time, when a new device comes, what we need to do will be just
the transformation from the device-specific data structure to our common one. If
some other demands like background removal are required, we can always follow the
same pattern to solve them. We call all these common data structures and common
algorithms as the back-end of the system.

This usage scenario can be abstractly summed-up as the following, which becomes

one of our requirements:

e FR3: The solution shall be able to serve as a back-end for the existing ISS
system providing a set of commonly used data structures and functionalities for

reusability.

1.5.3 Person Re-identification (RelD)

Imagine a scenario where there is a show given by two actors, and we would like to
project visual effect vfz, on actor a; while vfzr, on actor as. Unfortunately, the stage is
too large and cannot be covered by a single camera. We have to employ two cameras,
each of them covers half the space of the stage. According to the performance director,
we need to make sure that no matter where these two actors are, the visual effects
have to be mapped properly.

This usage scenario can be abstractly summed-up as the following, which becomes

one of our requirements:

e FR4: The solution shall be able to detect all the appearance of human bodies

and provide their location by bounding boxes.



e FR5: The solution shall be able to recognize a cropped image with an identity

across multiple cameras if the identity has been defined in advance.

1.5.4 Skeleton Tracking

In ISSv2, we have some visual effects designed specifically for the human skeleton. But
because of the underlying dependencies issue, we can only obtain the skeleton data
from Kinect v1 camera. In order to lift the restriction from the specific device-oriented
dependencies, we need to make the skeleton extraction process device-independent.
This means that we should be able to extract skeleton data from a variety of devices
and convert them into the common skeleton data format which is simply a set of points
in a picture. A possible scenario can be described as the following: a performance
director would like to make use of some skeleton-based visual effect and want them
to be used with different devices.

This usage scenario can be abstractly summed-up as the following, which becomes

one of our requirements:

e FR6: The solution shall provide the functionality to enable users to perform

skeleton tracking among various kinds of cameras.

1.5.5 Interaction with Other Modules

As mentioned before, there are gesture and facial recognition modules being developed
concurrently in our research. Theses modules should be able to use the infrastructure
(e.g. device abstraction) we proposed in this thesis. Also the module we develop
here should be able to communicate with these two other modules from other system
developers. Imagine a scenario where the visual effect needs to change according to
the actor’s gestures. When the actor push their hand, a zoom-out effect should be
applied while the actor pull their hand, a zoom-in effect occurs.

This usage scenario can be abstractly summed-up as the following, which becomes

one of our requirements:



e FR7: The solution shall provide fundamental infrastructure for other modules
to use and vice versa. It shall enable an abstract communication infrastructure

common to all developed modules.

1.5.6 Non-functional Requirements

By analyzing the scenarios described above, we found that in order to achieve them
our solution must meet the following non-functional requirements:

Real-time Response: The system should be able to process the task at a speed
of at least 10 frames per second (FPS).

As our solution aims to address covering a large area on the stage during a live
performance issue, it is extremely important for our solution to keep the whole person
re-identification process in real-time since it is a live show and the audiences are
watching it on the scene. If we cannot make it in real-time, our solution is actually
useless, which means it is a hard constraint for our solution. According to [1], the
human visual system can process 10 to 12 images per second (FPS) and perceive
them individually, while higher rates are perceived as motion. So we set 10 FPS to
be our baseline.

Accuracy: The system should be able to detect the appearance of a person and
re-identify them across multiple cameras with an accuracy comparable to the state-of-
the-art solutions.

While keeping the real-time requirement, we also need to make sure our solution
provides a considerable accuracy for both the detection and retrieval processes. In
our case, since we are in the context of real-time artistic performance, it is hard to
state an acceptable base line for it. But we should try our best to achieve a higher
accuracy making sure our solution is comparable to existing state-of-the-art solutions
in their respective communities.

Extensibility: The ability of a software system to acquire and integrate new
components.

As the devices will become more and more multitudinous and the algorithms

for person re-identification will be more and more advanced, it becomes essential to

10



design a solution with great extensibility that later on will still be usable to add or
integrate more devices and algorithms into our existing solution smoothly and easily.

Usability: The ability of a software system to effectively provide the expected
functionalities to the user, further more, it should be also easy to use.

For any kind of software system, in order to attract the users and/or programmers,
as the software solution designer we should try our best to provide simple, meaningful
and understandable APIs. That means the name of our APIs, the required parameters
for each functionality and the final result from the return value should be concise,
compact and logically make sense. For the experienced users in the same area, they

should be able to move from other similar solutions to ours without much effort.

1.6 Contribution

Our contribution is five-fold:

e We offer an overall architecture that allows users to perform real-time skeleton

tracking, person detection, and person re-identification.

e We offer a way in general that can allow the user to access different depth

cameras within the same set of APIs with good extensibility.

e We offer a way to allow cross cameras tracking with a pluggable detector and

recognizer.

e We offer a pipeline execution mechanism to allow the user to assemble various

components to form their application without knowing the underlying details.

e We offer a way for the researcher to enable person re-identification experiment

on top of TensorFlow and Keras.
To achieve the above, we implemented the following features:

e Design and implement a modular framework solution which consists of the
core and specialized frameworks that enable real-time skeleton tracking, person

detection, and person re-identification.
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e Design a device module that encapsulates the depth cameras from different
brands with good extensibility. Instantiate this module to support three kinds

of physical devices.

e Design and implement a pipeline module that provides a linear execution
mechanism over a series of filter that each encapsulate a specific transformation

step.

e Design a detector specialized framework and instantiate it for person detection

task with a deep learning-based algorithm named YOLO.

e Design a recognizer specialized framework and instantiate it for person re-

identification using the deep learning-based identification and triplet models.

e Use the general framework solution to build several commonly used applications

like camera calibration, green screen image, and image alignment.

e Implement an abstraction layer for deep learning-based person re-identification

dataset to allow training and validation among multiple dataset easily.

1.7 Thesis Outline

In this chapter, we introduced our research background, pointed out the existing
limitations, and stated the research problems giving them clear definitions and
restricted our scope. In the following chapters, the thesis will be structured in the

way listed below:

e In Chapter 2, we will review existing literature related to our research problem
and also the available software which may be useful for our implementation.
In the summary section of this chapter, based on our needs, we will select one
and switch to it as our target detector and recognizer in our implementation

described in the following chapters.
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In Chapter 3 and Chapter 4, we will propose our framework solution in detail
in a top-down manner. Precisely, in Chapter 3 we describe our design of the
solution framework and in Chapter 4 we describe how it has been instantiated

to satisfy the needs.

In Chapter 5, we will describe the applications built on top of our proposed
solution, which becomes a proof of concept that our solution can actually fulfill

our listed requirements.

In Chapter 6, we will first demonstrate both the functional and non-functional
requirements are really fulfilled by our framework solution. Then we report our
results showing the benchmarks for the main components in our solution with

commonly acknowledged metrics.

In Chapter 7, we sum up our work with advantages and limitations and point

out some potential research directions in the future.
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Chapter 2

Related Work

As discussed in the previous chapter, we split our work into two parts: (1) person
re-identification (2) device abstraction. In this chapter, we are going to introduce the
background for each part. For the person re-identification part, we will review the
literature related to object detection and person re-identification, which the former
is a prerequisite of the latter. For the device abstraction part, we are going to
examine currently available software which may become useful for our objectives

and be adopted as dependencies in our solution.

2.1 Object Detection

Object detection is one of the fundamental tasks in computer vision research. It
is a natural extension of the classification problem that requires the detection of the
presence of objects and to accurately locate them within the given image. This subject
has been explored by many researchers for a long time and a lot of detailed surveys
have been published on this topic [9, 30]. We can observe from Figure 3, since 2012
the deep learning-based approaches have dominated the object detection domain. In
this section, we are going to review the two classes of literature in object detection
based on deep learning methods (detailed explanation will be given as subsection for

each of the items listed below).

14



RCNN ResNet

Efﬁc1e(t}tﬂs’;1;t:;;n§%\z)5earch (Girshick eral) (Heetal)
Region Covari Improved FV A GoogLeNet
eg(lgllzeloe\trixz';mce T (Perronnin et al.) (Szegedy et al}) fPenseNetl -
uang etal) o
SIFT Cascades HOG DPM DCNN AlexNet VGGNet ( ) 2
(Lowe) (Viola and Jones) (Dalal and Triggs) (Felzenszwalb et al.) (Krizhevsky et al.) (Simpnyan and Zisserman 7]
1 iy 1 i 1 4 =
. —— . —_—— : > =
5 =.
\999 qp“\ ’LQ* ’LQQ Q/QQS ')P% qp“% 10“% qp\“ ¢Q$ 19\1 N 0 p DN ’qub ;
Bag of Words SPM HOG-LBP  Selective Search MS E’ OC0 2
(Sivic and Zisserman) (Lazebnik et al. (Wang et al.) (Van de Sande et al.) Fast RCNN Q
Ross Girshick) Mask RCNN
v PASCAL  [mageNet OverFeat ( t ) (He et al.)
SURF VOC (Sermanet et al.)
Faster RCNN
(Bay et al.) (Ren et al)

Figure 3: Timeline of various methods proposed for object detection [30]. The
methods in blue area are the hand-crafted detector and those in green area are the
deep learning-based approaches.

e Two stages approaches

— R-CNN

— SPP-net

— Fast R-CNN
— Faster R-CNN

— Mask R-CNN
e One stage approaches

— YOLO v1, v2 and v3

— SSD

The world “stage” here means an independent process or a separate branch within
the deep neural network structure. As their names imply, one-stage approaches finish
the whole object detection process in one shot while the two-stages approach has an
independent process to propose the areas that may contain an object then perform
detection on those areas. The presence of the area proposition stage takes more
time but since it is elaborated and can cover more potential areas than the one-stage
approach, it can achieve better results in terms of accuracy. To determine which kind

of detector to use depends on the realistic requirement of the application. In this
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Figure 4: R-CNN system overview [17].

thesis, since we have real-time response as a non-functional requirement, one stage

detector will definitely be a better choice.

2.1.1 Two Stages Detector

Most of the two stages detectors follow the same methodology. Firstly, propose
candidate regions that may contain object(s) then using a convolutional neural
network (CNN) to extract feature descriptors of each region. Finally, feed the
descriptor into a classifier to figure out what kind of object they are if it exists,

and classify them according to a set of pre-defined categories.

2.1.1.1 R-CNN

R-CNN was the seminal work of employing CNN on object detection task, the name R-
CNN stands for region with CNN features. At the time it was proposed, it boosted the
accuracy from 35.1% to 53.7% on PASCAL VOC dataset [17]. It designed a cascade
pipeline containing four modules shown as Figure 4. There are two important points
this work brought to the table: (1) it proposed a selective search ! method to find the
possible candidates replacing the old fashion sliding window method, which improves
the computation time significantly. (2) it adopted CNN as a feature extractor which

yields more robust features rather than the hand-crafted one.

'Selective Search is a region proposal algorithm used in object detection. It is designed to be fast
with a very high recall. It is based on computing hierarchical grouping of similar regions based on
color, texture, size and shape compatibility.

16



2.1.1.2 SPP-net

Even though R-CNN brought a large margin of improvement into object detection
research, it still has the potential to be better, as observed by Kaiming He and
his team. They proposed spatial pyramid pooling network (SPP-net) [20] one year
after the publication of R-CNN. It improved both runtime efficiency and accuracy
compared to R-CNN. They identified two main issues in the R-CNN solution:

e The generated candidate regions are easy to have overlap among each other

which can lead to repeated computation of the same feature maps.

e When ensuring the input image to a fixed size by cropping or warping, it may

leads to information missing which can affect the training significantly.

SPP-net solved the first problem by reversing the order of selective search and
convolution operation. It also employed a special layer named “spatial pyramid
pooling” at the end of the convolutional layer to eliminate the second problem, that
is how its name comes from. By using SPP-net, the final feature maps will only be
computed once and the features are pooled in arbitrary regions to generate fixed-

length descriptor for training, as shown in Figure 5.

2.1.1.3 Fast R-CNN

Fast R-CNN [16], as its name suggests, is a performance-enhanced version of R-CNN.
This update mainly focuses on speeding up both training and testing procedures. It
targeted its improvements at not only R-CNN but also SPP-net for their common

drawbacks:

e The training pipeline is a multi-stage process.
e Features are written to disk during training.

e The inference phase is too slow.
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Figure 6: Parallel workflow of Fast R-CNN [16].

The solution for these issues is quite straightforward. Firstly, the author changed
the cascade pipeline to become a parallel one, shown as Figure 6. Secondly, it modified
the loss to be a multi-task loss which reduces the training complexity and makes all the
layers updatable (the proposed fine-tuning algorithm cannot update the convolutional
layer that precedes the spp layer). Thirdly, the features cached on the disk were no

longer needed.
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2.1.1.4 Faster R-CNN

Faster R-CNN [43] was a milestone of the usage of deep convolutional neural network
in the research of object detection. It was created by the combination of the teams
which proposed R-CNN and SPP-net. Before it came up, the candidate regions were
calculated via a method called selective search. But in this case, they introduced
a region proposal network (RPN) which was embedded as a branch into the model
that can learn how to produce reliable candidate regions during the training time, the
overall structure of Faster R-CNN as shown in Figure 7. By using such a solution,
the model can achieve object bounding box prediction and object classification
simultaneously (through one forward pass). There are several advantages of Faster

R-CNN compared to previous works:

e Deep learning features are more reliable than the selective search one.
e The whole network can be trained end-to-end 2.

e The whole pipeline can be done on GPU (selective search need to be done on

CPU before) which can speed up the training time.

There is one more thing that needs to be pointed out, this work introduced the
concept of “anchor” which has been widely used in the latter object detection research
including the one stage detector we are going to review in the next subsection. At each
sliding-window position, the network would simultaneously predict k region proposals
relative to k reference bounding boxes. These reference boxes are called anchor, an

example of which is shown in Figure 8.

2.1.1.5 Mask R-CNN

The most recent work of the R-CNN-based research, called Mask R-CNN [19], was
proposed by Kaiming He again. It was an object detection network also which could

be used in the object segmentation domain. The idea was that (1) it added another

2The learning that optimizes the network weights by considering the inputs and outputs directly
is called end-to-end learning.
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mask branch into the network to create a mask for each detected object instance and
(2) it used a more advanced backbone network for feature extraction (e.g. ResNet
and FPN). Its architecture is shown in Figure 9. Again, the loss used to guide the
training is the multi-task loss from Faster R-CNN with the mask loss added, expressed
as: L = Lys + Lppor + Limask- Another creative idea, ROI alignment, is notable to

mention which can improve accuracy for bounding boxes regression.

2.1.2 One Stage Detector

One stage detector refers to those who directly predict classification score and
bounding box offsets from the input with a single feed-forward CNN network. There
is no separate region proposition process that exists at all. All the computation is
done within just a single network which can be optimized end-to-end directly on

detection performance.
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2.1.2.1 YOLO

YOLO stands for “you only look once”, which indicates it is an one-stage object
detector. Until now, there is a total of three versions of the YOLO algorithm.
They are YOLO v1, YOLO v2, YOLO v3 which were published in 2015, 2016, 2018
respectively. Compared with the R-CNN series, YOLO doesn’t have the stage of
candidate region calculation. It uses a single network to directly compute the object
classification score and regress the bounding boxes if the object exists.

YOLO v1 [40], this work is the fundamental building block. The latter YOLO
algorithms just borrowed or added advanced techniques or tricks to improve the
performance. The workflow of the algorithm can be summarized as the following

steps and visualized as Figure 10:

e Take the input image (with size 448 x 448), cut it into S x S grids, each of them

is responsible for detecting those objects whose center located within this grid.

e Each grid will predict B (an integer) bounding boxes and the confidence score
of each box. For each predictive bounding box, the result should be a five-
dimensional vector (z,y,w,h,c) representing the center location of the box

(x,y), the width and height of the box (w, h), and the confidence score c.

e For each grid (no matter how many bounding boxes are required), it should also
output a probability for all required classes (if the dataset contains 10 classes of
object, it should output a probability for each class which means 10 probabilities

in total).

e Sort all the results according to the score and use a threshold to filter out the

detected bounding boxes whose probability is lower than the threshold.

An example process for an input image can be shown as Figure 11. From
that figure we can find that the classification score computation and bounding box
prediction happened in parallel. At the end, another common technique, non-

maximum suppression [37] was applied to eliminate the highly overlapped boxes
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Figure 11: Process example YOLO v1 [40].

but point to the same object. From the implementation point of view, the YOLO
series was written in pure C. The author provided his own deep learning framework
named Darknet [39] which includes backbone network, optimizer, parameters update
methods, etc. The backbone network’s architecture is shown as Figure 12, which is a
24 convolutional layers network with 2 dense layers appended. The whole model was
pre-trained on ImageNet using image with resolution 224 x 224 then doubled the size
for detection.

YOLO v2 [41] is an update of the previous version to improve the performance

while keeping its speed advantage (67 FPS vs. 5 FPS for Faster R-CNN). A
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Figure 12: YOLO v1 network architecture [40].

comparison result with other detector can be found in Figure 13. The development

efforts have been concentrated on:

e Added batch normalization layer to gain 2% improvement in the context of

mAP .

e Pre-train on ImageNet using images with size 448 x 448 (double compared to

YOLO v1) which increases 4% mAP.

e Introduced “anchor mechanism” from Faster R-CNN which bring 7% recall

improvement.

e During training, every 10 epochs change the scale of images to obtain more

powerful generalization ability.

e 13 x 13 resolution feature map is enough for ordinary objects but in order to
overcome the disadvantage from v1 that perform poorly on small objects, a
passthrough layer has been added that bring the feature from an earlier layer

at 26 x 26 resolution.

e Proposed a new backbone network called Darknet-19 which contains 19

convolutional layers and 5 maxpooling layers.
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Figure 13: YOLO v2 accuracy and speed on VOC 2007 dataset [41].

YOLO v3 [42], the author tried a number of tricks and found some of them can
increased the speed and accuracy. A comparison of the inference time between YOLO
v3 and most of considerable methods can be shown as Figure 14. According to their

paper, some significant changes have been applied in this version:

e [t used a new backbone classification network design based on the works of
Residual Network [21] [22] named Darknet-53 which can improve the topl

accuracy about 3.1% while maintaining the speed of 78 FPS.

e [t discarded the softmax function for classification instead using a simple logistic
classifier. During the training, binary cross-entropy loss was employed which
can solve the problem of overlapping labels (i.e. man and person) in a complex

dataset.

e It adopted a similar concept of feature pyramid networks (FPN) to enhance the

scale-invariant ability of the model.

2.1.2.2 SSD

Five months after YOLO v1 was published, another famous one-stage approach,

named single shot detector (SSD) was created [31]. It achieved much higher
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Figure 14: Inference time of YOLO v3 compared with other methods [28].

performance on mAP metric than YOLO v1, precisely, 72.1% mAP on VOC2007
dataset at 58 FPS with 300 x 300 input size while YOLO v1 only have 63.4 % at 45
PFS with 448 x 448 input size. The architecture difference between YOLO v1 and
SSD can be shown by Figure 15. This performance increase can be explained by the

following improvements:

e Use of the “anchor mechanism” to find a set of pre-defined bounding boxes.

e For each anchor, predict the class label and the offset of the anchor which

perform better than regress the absolute location of the bounding box.

e For each input, combine feature maps with different scales in order to achieve

scale invariant.

2.2 Person Re-Identification

Re-identification means we need to determine whether we encounter the same target
on a previous occasion or not.
According to [55], let 0 = {61, ..., } represents M descriptors within a gallery

set, given a probe descriptor U, the identity of this probe person can be formulated
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as:

I = arg;, min(dis(6;,U)), 6; €6 (1)

where [ represent the identity of U and dis means a proper distance function which
will return the distance between U and all §; € §. From Equation 1, we should notice
that there are two key points of the person RelD task: (1) Feature description and (2)
Distance function. How to obtain suitable feature descriptors is always an interesting
research problem in the computer vision area. The traditional way to do it through
a hand-crafted descriptor which is designed by the domain experts, for example,
BRIEF, SIFT, SURF, and ORB descriptors. All these are hand-crafted descriptors
and work well in their own domain. But for different tasks, different descriptors have
to be created. Obviously, it requires a lot of work and is not very convenient.

Since 2012, AlexNet [25] got a huge success in the ImageNet classification
competition with the use of deep learning. Using deep neural network as feature
extractor has become popular and its performance defeats most of the descriptors

created manually. In the person RelD community, more and more researchers move

27



Based On 2010 | 2011 | 2012 | 2013 | 2014 | 2015 | 2016 | 2017 | 2018
Feature designing 1 0 0 1 2 5 3 3 0
CVPR Distance metric 0 1 1 1 0 1 4 4 2
Deep learning 0 0 0 0 1 2 5 7 25
Feature designing 2 4 3
ICCV Distance metric 0 2 2
Deep learning 0 0 4
Feature designing 2 2 0
ECCV Distance metric 1 3 1
Deep learning 0 2 18

Figure 16: The number of RelD papers depending on different approaches included

by the three top conferences in recent years [55].

their attention to the deep learning-based features (statistic shown in Figure 16) and

a lot of creative methods have been developed based on (deep) neural networks.

In this section, we are going to review the existing deep learning-based approaches

for the person RelD task, most of them can be sorted into the following categories

[55]:

e Identification model

Verification model

Distance metric-based model

Parts-based model

e Others

We will go deeper into each of these different models in the following subsections,
but mainly concentrate on the identification model and the distance metric-based

model. Because our implementation which will be introduced in the next chapter is

a combination of these two models.
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2.2.1 Identification Model

Identification model regards the RelD task as a classification task, distinct identities
will be seen as different classes, the basic architecture of the model is shown as
Figure 17. The input to the network is the output from some kind of person detector.
Then the deep neural network (e.g. CNN) serves as a feature extractor. By making
use of these extracted features the input image is tagged with an identity.

Due to the lack of data, the main issue of the classification model in deep learning
is always overfitting which means that the model performs well on the training set
but poor on the validation set. Especially on the person RelD task, we want more
training samples for each individual but most of the dataset only have few sample
per instance (e.g. VIPeR only contains two images per identity). A lot of work have
been done to solve this problem, they can roughly be categorized into (1) add other
constraints to revise overfitting and (2) apply data augmentation techniques or create
a larger dataset.

In [57], the authors proposed a fusion feature network (FFN) which can take
both the CNN and the hand-crafted features into consideration at the same time, its
architecture can be shown as Figure 18. FFN takes the identity image as input then

branches into two paths. For the CNN feature, five layers convolutional network and
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Figure 18: Architecture of fusion feature network [57].

two fully connected layers were employed. For hand-crafted feature extraction, the
original image was divided into horizontal stripes then color spaces and texture filters
were applied in order to extract histograms which finally would be concatenated to
form a feature vector. In the end, theses two kinds of features would be linked together
through another dense layer. The whole network was trained under the guidance of a
cross-entropy loss function and the classification result was obtained from a softmax
activation function ® and during back-propagation parameters update would also be
constrained by the hand-crafted feature *.

The idea behind classification model is to use several hyperplanes to separate
different identities in the feature spaces. But since it is a high dimensional space,
in some cases, the intra-class variance may larger than inter-class variance which
is not a good property for a classification model. In order to enhance the learned
discriminative feature, a hybrid network architecture that combined the Fisher vectors

which include color histograms and SIFT and a deep neural network has been

3softmax is a function that takes as input a vector of K real numbers, and normalizes it into a
probability distribution consisting of K probabilities. [2]

4hand-crafted feature is the feature designed beforehand by human experts to describe a set of
characteristics of a specific object [36].
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Figure 19: A proposed CNN architecture with ID loss and center loss. [24].

proposed in [56].

It is worth to mention that as deep learning in person RelD area becomes more
and more popular, there are several large datasets like [26], [64], [44] and [67] that
have been released as well as their corresponding evaluation protocols. Since deep
learning methods really depends on data, these datasets do help the community a lot.
With such large datasets, we are able to train the network directly based on the plain
classification model. [58] trained the plain classification network on multiple datasets
with domain-guided dropout ° strategy aiming at obtaining a cross-domain model.

Jointly learning is another hot topic in the deep learning community, it means the
model is trained under the guidance of two or even more loss (objective) functions. In
specific person RelD research, [24] proposed a jointly learning method which adopted
identification loss and center loss [54] at the same time, its architecture is shown as
Figure 19. It claims that it is more efficient than the pairwise or triplet model and
the performance is also better by using their feature reweighting layer (FRW). The
core idea is that during the training time, the model tries to enlarge the inter-class
variation and reduce the intra-class variation supervised by the center loss while the
identification loss makes full use of the image label compared with the verification

model which just used the weak label information.

*Dropout is an implementer-friendly but useful technique to prevent overfitting proposed by [50].
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2.2.2 Verification Model

Verification Model can be seen as a classification problem as well but it is a binary
version. It takes a pair of images as input and output a similarity value indicating
whether the paired images is the same person or not. Its architecture can be shown
as Figure 20 and simply formulated as:

L, 1 =19

f<x17x2) =
07 hn 7é Y2

The first verification model to address RelD task named filter pairing neural
network (FPNN) [27] was proposed in 2014. Max-out pooling layers and patch-
matching were employed to jointly handle geometric transforms and photometric,
misalignment, background clutter and occlusions which are common issues in RelD
domain. At the time where datasets were still extremely limited, “Siamese” deep
network for metric learning which was firstly proposed by [59] was used to target this
problem. Like the common verification model, it takes an image pair as input then
pass them through three shared parameters but independent convolutional networks
to perform operations on three non-overlapping parts of the images. The extracted
feature descriptor will be flattened by a dense layer then used to compute the cosine
distance which would be converted into a similarity value. If the value is greater

than a hyper-parameter threshold then the input pair will be considered as the same
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Figure 21: Architecture proposed by [10].

identity, otherwise different. Based on the previous two works, [10] comes up with
an improved architecture shown as Figure 21 that include a layer to calculate cross-
input neighborhood differences which is based on mid-level features to capture local
relationships of the input paired images.

But the verification models introduced above all have a common problem which is
that the neural network employed by them are relatively shallow. By this limitation,
they did not benefit from digging the features which are discriminative enough to
distinct different identities. Besides, since we have to construct the image pair for
training, there will be overhead added compared to the identification model. One
more thing is that the verification models only use the weak dataset label, which
means that for a specific identity instance pair, it doesn’t care about their actual
identity but they are the same or not. Unlike the identification model, it will tell
directly which identity it is for each given input.

Because of these limitations, only using the verification model may not achieve
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high accuracy in RelD task. Still, it is worth to mention that the combination of
identification and verification model can reach a promising result, [65] proposed such
a model and comprehensively compared the advantages and disadvantages of these
two models. They replaced contrastive loss by cross-entropy loss which is different
from its sibling network on face recognition, then applied dropout regularization to

prevent overfitting.

2.2.3 Distance Metric-based Model

The distance metric-based model aims at making the distance between the same
identity as small as possible while keeping the distance between distinct identities as
large as possible. One of the most popular used approach is the triplet architecture.
A triplet unit of images can be defined as: I; = {I}, I? I}}, where I! called anchor,

(I}, I?) is positive pair and (I}, I?) is negative pair. For each triplet unit, the model

1) T 2071

will try to satisfy the following:

|FIH — FUID)||* < ||F(1}) — P3| (2)

where ||||*> means the L2 norm and F(I) denotes the features learned by the model.

Based on Equation 2 we can define the loss as following:

L) =3 max{||F(1}) = FUD)| = [P = FUD)|, €} 3)

where C'is a non-negative constant, guided by Equation 3, the network will be forced
to maximize the distance between the anchor-positive and anchor-negative pair under
L2 norm, the described procedure can be illustrated by Figure 22.

In [23], comprehensive research had been conducted to the triplet model, covering
the strategy of sampling, different representations of the loss functions, comparison
between pre-trained and plain model, etc. Some of their methods are worth to

mention:
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e They proposed a novel way to sample the triplet unit, in which randomly
sampled p identities within the whole training set and for each selected identity

randomly pick k instances per mini-batch.

e They came up with several representations of loss functions, the most popular
two of them are batch-hard loss Lgy and batch-all loss Lgy. As their name
stated, batch-hard loss means to find the hardest triplet units per batch and
use them to contribute to the loss while batch-all loss means to use all the
triplet units, no matter what they are, contributing to the loss. They can be

formulated as Equation 4.
Lpp = ZZ m+ max D(fy( o) fo(z,)) = min D(fo(xg), fo(x))]+  (4)
i=1 a=1 n=1...K

where D is a distance function, fy is the feature descriptor, m is a margin

constant, and [|; means the result within bracket will be a non-negative number.
P K K P K
Loa=2_2 0 0 > Im+diil (5)
= —1 j=1
b i

dioh = D(fo(@h), folw})) = D(foll), fo(@)))
Effectively, by using Lgy we can have PK units contributing to the loss while
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using Lps we have PK(PK — K)(K — 1) units contribute to the loss. It really
depends on the realistic scenario to determine which loss we should choose. At
this point, it is significant to note that these two variations of the loss still

respect to the standard triplet loss function Equation 3.

e During the training, they found that using the non-squared Euclidean distance is
more stable than the squared one which will make the optimization more prone
to collapsing and reduce the interoperability of the margin constant (cannot be

absolute distance any more).

2.2.4 Parts-based Model

A hand-crafted part-based model has been proposed for matching two persons based
on their appearance [18]. It partitioned a person into horizontal stripes to extract
color and texture features. After this work, several other researchers [12, 15] employed
more sophisticated strategies to divide a person into parts, but still based on hand-
designed approaches. When deep learning comes to the picture, with the help of
the research on human pose estimation and landmark detection, the person RelD
part-based model achieves several impressive results [51, 53, 63].

Attention mechanism is another milestone in the parts-based model, the current
state of the art in person RelD task is produced by this model. In [29], the author
first adopted attention network to address RelD task, they proposed a LSTM-based
model using a recurrent approach that can output part attention feature dynamically
for localizing discriminative regions of the pedestrian image. One year after, [32] came
up with a multi-directional attention mechanism for capturing multiple attention
information, the proposed network was named HP-Net. For the part-based model,
there is always a common issue which is the alignment problem. Once you divide
the image into parts, how to align these chunks and calculate the similarity properly
will be problematic. To address the misalignment issue, [62] introduced a CNN-
based attention model that makes use of the distance between a paired image to

learn the part-feature for matching. In ECCV2018, [52] proposed a parted-based
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Figure 23: PCB in combination of refined part pooling [52].

convolutional baseline model (PCB) which employed a simple uniform partition
strategy and assembles part-informed feature into a descriptor and a refined part
pooling (RPP) method which reinforces the within-part consistency introducing a
large margin of improvement without requiring any part labeling information, the
architecture is shown as Figure 23. However, the part-based model still has its own

limitations:

e Adding part-based branches reduced the efficiency of the model.

e Most attention-based model only considers region-level attention and discard

the pixel-level saliency.

e Most of the models do not consider the spatial context information between

different part-based features.

2.2.5 Others

Besides the four major models described above, there are still some other deep
learning-based researches on RelD community. Even with the datasets like CUHKO3,
Market1501, and DukeMTMC-relD, the average numbers of image per person is
still quite limited. The first work tries to enlarge the dataset using a generative
adversarial network (GAN) and was introduced by [66]. They employed GAN to
generate unlabeled samples and adopted a CNN to extract feature for representation

learning. Then label smoothing regularization is used for outliers method.
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Figure 24: The working pipeline for RelD with RGBD data [35].

A camera style adaption model to adjust the CNN training was proposed in [69].
More precisely, CycleGAN is used to transfer the style of images captured by one
camera to another. Given an image from camera No.1, the model can produce the
image which looks like captured by camera No.2.

Unlike most of the works which are based on RGB image, it is noteworthy to
mention a work which employs RGB-D data as input. A novel method for person
RelD using RGB-D data was proposed in [35], their working pipeline can be shown
as Figure 24. It took a RGB-D image as input, then performed a segmentation to
obtain different parts of the human body. By using this information, they did 3D
reconstruction and pose transformation resulting with a standard human 3D model.

Then using the attributes computed from the 3D model to perform re-identification.
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2.3 Available Software

To develop a general solution for (1) deep learning-based person re-identification and
(2) device abstraction, from the implementation point of view, we have to survey the

currently available software that may be useful for our solution.

2.3.1 Freenect and Freenect2

The most impressive depth camera to people nowadays may still be the Microsoft
Kinect, even if it has been dropped by its own company now. It was the first
consumptive depth camera in the market released in November 2010. Kinect was
designed for Microsoft Xbox 360, a video game console. In order to let the game
designer to fully make use of it, a corresponding closed source library (known as
Microsoft Kinect Developer Toolkit) was also released to enable the programmability
of the device.

Since the Microsoft Kinect Developer Toolkit is closed source and can only be used
on Windows machines. A group of people from the community made an open-source
driver for Kinect named Freenect to enable it works on Linux, MacOS and Windows.
By using this Freenect driver, people can obtain the raw depth data from the device
directly. A lot of researches based on depth data has been based on this solution.
When Microsoft released Kinect v2 (the second version of Kinect), the community

also came up with the driver Freenect2 with the same functionality.

2.3.2 OpenNI2

OpenNI or Open Natural Interaction library was originally created by PrimeSense
which is a depth-sensing solution provider company. Kinect was using their
technology to obtain the depth data from the sensors. After the acquisition of
PrimeSense by Apple, they shut down the official website but the community (like
Occipital and other former partners) is still keeping a forked version of OpenNI2
active as an open-source library for their product.

By using the OpenNI2 framework, we can perform the following operation using
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the same unique APIs, if the hardware driver respects the OpenNI2 standard.
Fortunately, both Freenect and Freenect2 have the option to build an OpenNI2-

supported version of them:

e Voice and voice command recognition.
e Hand gestures.

e Body motion tracking.

2.3.3 OpenCV

OpenCV is a library of programming functions mainly for computer vision. It was
originally created by Intel (for image processing) in 2000 and now lead by Itseez.
The library is cross-platform and open source under the BSD license, widely supports
most of the existing operating systems. The library was originally written in C, but
since 2009 it primarily changed to C++. Nowadays, it also adds CUDA-based and
OpenCL-based GPU calculation, machine learning and deep learning (TensorFlow,

Torch/PyTorch and Caffe) support.

2.3.4 NiTE2

NiTE2 is a piece of middleware of OpenNI2 library. It has to work with OpenNI2
underneath and provides more powerful functionality than OpenNI2 does. It uses
the same design philosophy of OpenNI2 which is only supposed to provide the
infrastructure and leave all the other functionalities to the middleware. Unfortunately,
NiTE2 is a closed source library provided by PrimeSense, it was written in C++ and
only comes with the header files and the binary library. By using NiTE2, we can get
the following data:

e Skeleton data of the tracked full human body.

e Gesture data of the tracked hand.
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2.3.5 RealSense SDK

RealSense SDK is a cross-platform library from Intel for their own depth cameras.
It allows the developer to access depth and color streaming and provide the basic
camera parameters for calibration. Since the SDK is provided by the manufacturer
directly which means they know everything about the hardware, it is more powerful
than Freenect and Freenect2 as to Kinect. The SDK is written by C++ and hosted
on GitHub. The community is still quite active and they still try to add more
functionalities to the SDK (like support OpenNI standard, working with OpenCV

library, provide more wrapper for other programming languages rather than C++).

2.3.6 CPython

Our research team proposed the OpenlSS framework, which is designed to be written
in C++ since most of its dependencies list above are in C++. But nowadays, most of
the deep learning programs are written in Python, and for experiment and prototyping
purposes, Python has a more efficient development environment. In order to invoke
the deep learning model from OpenlISS framework, we need something to connect
C++ and Python. CPython is our desired bridge, it is the reference implementation
of the Python programming language written in C and Python. It has a foreign
function interface with support to several other programming languages and C is one
of them. By making use of CPython we can exchange a class, a function, a variable

or other data structure with the languages on two sides of the bridge.

2.3.7 TensorFlow

Since deep learning got a lot of attention recently, there is a variety of deep learning
frameworks being developed. Figure 25 shows the popularity of most of the existing
platforms. Among these, one of the most famous is Google’s TensorFlow [8], an open-
source library written in C+4. It is a symbolic math library that provides various
kinds of tensor operations for dataflow and differentiable programming. It uses a

computational graph with respect to the chain rule to perform back-propagation
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Figure 25: Power score of the most deep learning frameworks in 2018 [6].

which is the core concept for updating the parameters (or we can say training). Also,
TensorFlow can encapsulate the hardware differences and support training on multiple
GPUs if they are available without any code modification. It is becoming more and
more popular in the industry and production environment.

While TensorFlow is popular in the industry, another framework named Pytorch
gets more attention among academic users and researchers. In the RelD research
community, most of the code is based on Pytorch. There is even no baseline model
implemented in TensorFlow and Keras for the RelD task. In contrast, since YOLO
is widely used in the industry, there are already numerous existing implementations
of YOLO in TensorFlow. In order to keep our implementation consistent in one
framework and reduce the overhead for translating data from one to another, we chose
TensorFlow as our deep learning platform. By employing it, our research actually fills

a gap, as no existing solution for RelD task is currently based on TensorFlow.
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2.3.8 Keras

Keras [11] is a high-level open-source library written in Python, firstly developed by
Francois Chollet, which can take TensorFlow, Theano and some other frameworks as
its back-end. It doesn’t provide the mathematics operation implementation as they
were left to the backend but a human-friendly APIs which can allow you to prototype
your conceptual neural network (or other machine learning architecture) easily and
experiment with different deep learning frameworks. TensorFlow adopted Keras into
its core and announced it as the official high-level APIs in 2017 and more support

has been added to Keras since TensorFlow 2.0 which was released in 2019.

2.4 Summary

In this chapter, we gave an extensive review to the most common deep learning-
based methods in both object detection and person re-identification domains. For
the object detection problem, we started from the seminal work R-CNN and stated
the key contributions of each existing approach and compared them with similar
methods if comparable. Due to our real-time limitation from the requirement,
we are restricted to use one-stage method. Precisely, we select YOLO v3 as our
detector, because its inference time is by a large margin better than all the others
and the community already has a lot of existing resources for it. For person re-
identification problem, we introduced a total of five different models and explained
their network architectures and loss functions. Jointly considering the trade-off
between implementation complexity and the model’s performance, we decided to use
a combination of the identification model and the triplet model. In the last part of this
chapter, we listed all the available software that may be employed as dependencies in

our work. In the next chapter, we will start to present our solution.
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Chapter 3

Framework Design

In this chapter, we are going to describe the design of our proposed solution which can
fulfill the requirements stated in Chapter 1. We will first explain why we choose the
framework design solution. Then we outline the architecture of our solution. Finally,

we detail each component for both the core and specialized frameworks.

3.1 Why Framework Solution?

In the context of software engineering and computer programming, a software
framework is an abstraction in which software providing generic functionality can
be selectively adapted by additional user-written code, thus providing application-
specific software [2]. According to [38], a software framework consists of two kinds of

components:

e Frozen spots, within a framework, define the overall architecture of a software
system, that is to say its basic components and the relationships between them.

These remain unchanged in any instantiation of the specialized framework.

e Hot spots, within a framework, represent those parts where the programmers
using the framework write their own code to add specific functionalities based

on their own need.
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There are three key distinguishing features that make a framework different from
normal software libraries:
Inversion of control: In a framework, the program’s flow of control, unlike in
libraries or applications, is not dictated by the caller but the framework. In our case,
we want to address the person RelD problem (specified by FR4 and FR5). It can
be divided into two subproblems: person detection and person retrieval, which the
output from the former will become the input of the latter. From the user’s point
of view, they are totally not interested in the intermediate steps but only want the
final result. So the user doesn’t have the knowledge and they even don’t want to
know how the data flow between these two subproblems and how the the device can
obtain the raw data at the beginning as well. In this case, the flow of control of
the program should actually be done by the framework since for a specific task, the
workflow should be deterministic and the user just tells what they want to do but
not how they do it. Under such consideration, having the program’s flow predictable
and controllable is extremely important for us.
Non-modifiable framework code: The framework’s core code (i.e. frozen spots),
in general, is not supposed to be modified, but should accept user-implemented
extensions (i.e. hot spots). In other words, users can extend the framework, but
cannot change its code. The reason why the frozen spots cannot be changed is that
the framework is responsible for controlling the flow of the program, without knowing
what kind of application the framework will be used for. The control flow is defined
by these frozen spots, if they are always changed then there is no way to achieve
inversion of control.
Extensibility: A user can extend the framework, usually by selectively overriding
or adding specialized code to provide specific functionality. ~As mentioned in
Section 1.5.6, extensibility is one of our non-functional requirements. Since we want
to support various kinds of cameras (specified by FR1 and FR2) and as introduced in
Chapter 2 the algorithms for both person detection and person retrieval are diverse. It
is possible that later on we may want to perform comparisons among these algorithms.

With such extensible design available, we can save integration efforts, making our
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solution more valuable.

From the discussion above, we see that the key features of a software framework
can perfectly fit to the demand of our solution. Furthermore, if we think of our main
person re-identification scenario in an abstract way, what our solution needs actually

is to enable the definition of a pipeline which works in the way described below:

1. Information is gathered by devices which can be diverse.

2. Information is transformed/extracted using filters (person detector and person
recognizer), which can also be diverse but must be made abstract so that they

can easily interoperate.

3. Every device and filtering algorithm comes with their own data model.

Interoperability comes through the definition of an abstract data structure that
is exchanged between the abstractly defined filters. This way, various devices can be
used in conjunction with various filtering algorithms to create an application. This
is, in fact, a classic example of a problem solvable using a framework approach. So
we decide to plan our solution in a framework manner. In our design, we have the
core framework as the frozen spots which defines the infrastructure such as device,
cross-language calling mechanism and viewer. Then for each specific purpose, we have
a specialized framework which, under the core framework umbrella, provides specific
functionalities for various application developers like person RelD, skeleton tracking,

gesture tracking and facial expression recognition.

3.2 Core Framework Design

In a very high-level description, we design our framework (named OpenlSS) as
consisting of a total of eight components as shown in Figure 26. Each box in green
represents a frozen spot of the core framework and each box in yellow means a set of
frozen spots which can combine with the core to form a specialized framework.

For the five core frozen spots, their functionalities are designed as follows:
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e Device module: It provides an abstraction of various devices which can be used

by any application that needs cameras as input.

e (Cross-language module: It provides the ability that from C++ we can invoke
algorithms or models implemented in Python which can help us to make sure

of most of the existing resources available from the community.

e Pipeline module: It serves as an executor of the framework providing the flow

of control for a variety of tasks.

e Common data structures module: It provides our own framework data
structures which were adapted from other low-level libraries or software enabling
us to perform our own algorithm independently, or to provide interoperability

between otherwise incompatible algorithms.

e Viewer module: It provides visualization abstraction of the framework which

can be used by any application that needs to display a result.
For the three specialized frameworks, they are designed as:

e Tracker specialized frameworks: It provides the abstraction of a tracker, in the
context of motion capture, computer vision or image processing, which takes a
frame from a sequence of images and a set of given pixels as input. Then for all
the remaining frames in the sequence, it keeps tracking the location of a same

set of pixels that have the same meaning.

e Detector specialized frameworks: It provides the abstraction of a detector, in
the context of computer vision, which takes an image and an object class list
(e.g. cat, dog, person, car) as input then output a bounding box for each

detected object instance within the image with respect to a given object list.

e Recognizer specialized frameworks: It provides the abstraction of a recognizer,
in the context of computer vision, which takes an image (can be a pedestrian

or a face image) or video (a video with facial expression or gesture) as input
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Figure 26: Core components of OpenlSS framework, each box in green means the
core framework’s frozen spot and each box in yellow represents a set of frozen spot
of each specialized framework.

then output whether this image or video have been seen before (within the

pre-defined database or by any other means).

In the following paragraphs, we are going to explain the design of each module

within the core framework.

3.2.1 Device Module

The device module is one of the most essential modules in the whole OpenlSS
framework because it is the lowest layer from our framework’s point of view. It is
designed directly on top of the hardware drivers from various device manufacturers.
The layer architecture is shown as Figure 37 which will be explained later in
Section 4.1.2. Our design goal for this module is that we would like to block the
physical differences of cameras accessing them via a set of common APIs. Also,
the design should allow us to add support to more kinds of cameras easily without

changing the frozen spots themselves.
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With those requirements in mind, we found that one possible solution is to make
use of the polymorphism feature and dynamic dispatch mechanism, accessing the
subclass’s method via a reference of its superclass. So what we need to do will be just
to come up with an abstraction that can be applied to most of the common devices.
After overall consideration, our design for the device module is depicted as Figure 27.
Since it is a core module, we are going to explain some of these important abstract

methods defined in the 0IDevice class:

e rawDevice: Since our device model needs to depend on the hardware driver,
sometimes we may want to access the original device object created by the

driver, this method is designed for it.
e init: This method contains the logic used to initialize the device.

e open: This method is used for opening the device, it should be called after init

method.

e close: This method is used for closing the device logically, most of the time we

will release the resources which are not needed anymore.

e enable: This method is a shortcut for the following three specific enable

methods.
e cnableColor: This method tells the device to enable the color data stream.
e enableDepth: This method tells the device to enable the depth data stream.

e enableRegistered: This method tells the device to enable the registered data

(infrared image data, a.k.a. IR data) stream.

e getIntrinsic and getExtrinsic: These two methods are designed to obtain
the intrinsic or extrinsic matrix respectively of the device if they are provided

by the hardware driver.
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OlDevice

+ virtual ~OlDevice() = default

+ virtual *rawDevice() : void =0

+ virtual init() : void =0

+ virtual open() : void =0

+ virtual close() :void =0

+ virtual enableColor() : bool =0

+ virtual enableDepth() :bool =0

+ virtual enableRegistered() bool =0

+ virtual enable() :bool =0

+ virtual getlintrinsic(StreamType streamType) : Intrinsic =0
+ virtual getExtrinsic(StreamType from, StreamType to) : Extrinsic =0
+ virtual getDepthScale() : float =0

+ virtual readFrame(StreamType frameType) : OlFrame * =0

OlDevFactory

+ create(string) : OlDevice &

Figure 27: Design of device module within OpenlSS core framework.

e getDepthScale: This method is used to get a depth scale value. It can be used
to multiply the data value from the depth image to get the distance in meter

or centimeter unit.

e readFrame(StreamType type): This method is the most important one, it is
used to get a frame of data respect to the stream type (color, depth or IR)
specified by the parameter.

3.2.2 Cross-Language Module

As mentioned in Section 2.1 and Section 2.2, the research community of both object
detection and person retrieval have been dominated by deep learning approaches since
2012. Nowadays most of the available deep learning frameworks provide Python APIs
for convenient purpose. Thus, most of the existing deep learning models were written
in Python. But unfortunately, our OpenlSS framework itself is written in C/C++
(the reason will be explained later in Section 4.1). Obviously, there is a gap between
our framework and many of the existing solutions. To fill this gap, we designed a cross-
language module shown as Figure 28 which enables the user to separate deep learning
oriented program development implemented in Python from the normal framework

related programming task which is in C++. It provides an encapsulated internal
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OIPythonEnv

- modules std::unordered_map<char*, PyObject*>

+ OIPythonEnv()

+ ~OIPythonEnv()

+ initPyWorkingPath(std::vector<std::string> paths) : void

+ showWokingPath() : void

+ importPyModule(char *name) : void

+ getPyModule(char *name) : PyObject *

+ createPylInstance(char *moduleName, char *className, const char *format) : PyObject *
+ loadPyMethod(PyObject *callerName, char *funcName) : PyObject *

+ invokePyMethod(PyObject *callerName, PyObject *args) : PyObject *

Figure 28: Design of cross-language module within OpenlISS core framework.

API to invoke Python model from C/C++ by employing CPython introduced in
Section 2.3.6. It can not only help us to decouple the framework’s functionalities but
also make good use of the existing community resources.

Even it is named the cross-language module, currently, we are not aiming
to provide a generic mechanism to support communication between C++ (our
framework’s language) to any other language other than Python. The reason is that
there are many kinds of programming languages. It is a notoriously difficult problem
to provide an abstraction among all of them and there is no existing solution in the
community. Also, we doubt that if it is really worthwhile to put time and efforts to
create a generic cross-language mechanism that applies to all languages.

The 0IPyhonEnv is not an abstract class. The reason why we put it under the
core framework is that it actually serves as an infrastructure even though the classes
which will invoke the Python code don’t need to inherit from it but they have to use
it as a dependency. The 0IPythonEnv class is used to encapsulate a Python script,

four core functions:

e initPyWorkingPath, it is used to add a given path to the Python interpreter as
a working path (Python will search the requested module under all the working
paths).

e createPyInstance, it is used to create an object of a given class which is visible

within the encapsulated Python script.
e loadPyMethod, it is used to load (without executing) the handler of a specified
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Figure 29: Usage scenario of the cross-language module of OpenlSS core framework.

OlFlowable

OlPipeline

+ flow(context: OIFlowContext)
+ pipeline: List<OlFlowable> : + type() : string
+ context: OIFlowContext [~~~ + check(): bool

+ push(filter: OIFlowable) : void

+flow() :vod ~ fpo--- OIFlowContext

+ save (type: string, result: void*) : void
+ query (type: string, holder: void *) : void

Figure 30: The design of the pipeline module in the core framework.

method which is visible from that file.

e invokePythonMethod, it is used to invoke a loaded function using its handler.

The design and usage philosophy of this module can be illustrated by Figure 29.
Each instance of 0IPythonEnv can be used to represent a Python file (the box in
green). A framework developer trained a deep learning model in Python (the red
box) and would like to expose some of the functionalities of it to the framework
users. Then they can write a C/C++ wrapper (the blue box) for it which contains
a member variable of type 0IPythonEnv instantiated by the names of classes and
functions would like to expose. The framework users then can use the Python code

via our framework without knowing anything about Python under the hood.

3.2.3 Pipeline Module

The pipeline module, as its name implies, provides a pipeline execution mechanism

for the framework users. It allows the user to chain multiple filters together that the
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former’s output will become the latter’s input. When all these filters finish execution,
we can achieve some specific goal, for example, our final goal, tracking person across
multiple cameras (detail will be explained in Chapter 5).

The design of the module can be described by the UML diagram shown as
Figure 30. The 0IPipeline class contains a list of filters and a reference with type
O0IFlowContext which is an abstract class used to define the save and query behaviors
of the temporary result generated by the intermediate filters. The push method is
used to add a concrete filter into the pipeline while the flow method is the switch to
trigger the pipeline execution process. The component which would like to serve as
a filter must agree with the 0IFlowable contract. There are three functions defined

within this interface:

e flow: It takes a reference of 0IFlowContext as parameter, basically what this
function does is calling the real logic method. For example, the flow function
will call the readFrame function within 0IDevice, the detect function within

OIDetector and the predict function within 0IRecognizer.

e type: It just returns the type of the filter itself, we may need it to differentiate

some operations for various filters.

e check: It usually gets called before the flow method, we perform necessary
checking step here to ensure all the needed data is available before flow gets

executed.

The control flow of the pipeline module can be expressed by Algorithm 1
and the workflow can be visualized by Figure 31. With the 0IPipeline class
definition in mind, there are two fields: pipeline which is a list of filters
and context which is actually a temporary data holder. What we eventually
do is that we loop over all the filters within the list and invoke their flow
method which is implemented in the concrete classes and store the result in
the concrete implementation of the 0IFlowContext class. Inside the abstract

OIFlowContext class, we define two methods: query(name:string, data:voidx)
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Figure 31: Design of the pipeline module in the core framework.

and save(name:string, data:voidx*). The method query is used to lookup the
needed input which output by the preceding of current executing filter while the
save function is used to save the temporary result generated by the current filter. If
there is more than one input or output from the current state, we just need to call
these two functions multiple times so we don’t limit ourselves to the number of input

and output of a filter.

Algorithm 1: The flow function within 0IPipeline class

1 foreach filter in pipeline do

canFlow = filter.check(context)

if canFlow then
result = filter.flow(context)
context.save(filter.type(), result)

[S.E SR M

As you may notice the 0IPipeline class only has a push method to allow the
user to add filters but it doesn’t provide any removal interface for the existing filters
which means each 0IPipeline instance is immutable. In other words, once a pipeline
has been defined, you cannot change its internal structure. We design in such a way
under the consideration that each pipeline instance is used for a specific task. If you
have more than one task then you will need to reassemble a new pipeline instance
and create another concrete 0IFlowContext object but you can reuse the same filter
object if you want. Also, all the filters residing in the pipeline are chained linearly.
But when you executing them, a conditional operation can be achieved by the check

method since it is the predecessor of the flow method.
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3.2.4 Common Data Structures Module

The common data structures, in OpenlSS core framework, means these data
structures that may be used by other modules within the core or across multiple
specialized frameworks. 0IFrame is one of the most significant data structures of
our framework which is designed to represent the data captured by an input device
at a certain point in time. It will low between the core and specialized framework
or even between several different specialized frameworks. The design of 0IFrame
can be illustrated as Figure 32. 0IFrame is the highest level of abstraction that
provides the fundamental information of a frame. It has two subclasses named
OIAbstractDataFrame and ICvImplFrame, the former is still an abstract class
representing a frame contains data and the latter is a concrete class describing a

frame provided to the viewer.

3.2.5 Viewer Module

The responsibility of the viewer module is straightforward. As its name implies, it
is used for displaying the data for visualization purposes. Our design for the viewer
module is simple, as shown in Figure 33, 0IViewer is an abstract class which contains
a variable and a method. The variable name is a label used to differentiate from
various displaying windows since the user may want to show more than one image,
for example, show both color and depth image at the same time. The method show
defines the behaviour for drawing the window. Currently, our framework only has
only one concrete implementation which is 0I0penCVViewer based on the OpenCV

library.

3.3 Specialized Framework Design

The specialized framework is designed for solving a class of specific problems, it
provides a set of unified APIs to the framework users just like other modules within

the core framework but also defines the problem-specific data structures and common
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OlIFrame

+ virtual ~OIFrame()

+ virtual getHeight() const :int=0

+ virtual getWidth() const : int=0

+ virtual save(path: string, name: string) : void = 0

Extendsj Z% Ext

A
EXIenas

OlAbstractDataFrame OICvimplFrame

+ virtual ~OlAbstractFrame() +mimg: cv::Mat

+ virtual getHeight() const : int =0
+ virtual getWidth() const :int=0 + virtual ~OICvIimplFrame()

+ virtual save(path: string, name: string) : void = 0 + virtual getHeight() const : int=0

+ virtual getWidth() const :int=0

+ virtual save(path: string, name: string) : void = 0

Extends + getCvMat() const : cvMat

OlDataFrame

+ type: FrameType
+ bpp: int

+ width : int

+ height: int

+ mpData: void *

+ virtual ~OlDataFrame()

+ virtual getHeight() const : int=0

+ virtual getWidth() const : int=0

+ virtual save(path: string, name: string) : void = 0

Figure 32: Design of 0IFrame inside common data structure within the core of
OpenISS framework.

OlViewer

+ name: string

+ show(frame: OlDataFrame)

JAN

[
i OpenCV Library
pmmmmmmmmmmm ey Extends----------------- '---Extends
: ; A
OlOpenGLViewer " use !
X OlOpenCVViewer
; + name: string
| use
1 + show(frame: OlDataFrame)
Y
OpenGL Library

Figure 33: Design of viewer module within the core of OpenlSS framework.
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methods for the specifica application problems it is designed for. Recap from the
previous chapter, a specialized framework is formed by the core and its problem
specific module. The relationship between the core the specialized framework is that
the specialized framework will take the core as its dependency (a.k.a. infrastructure)
then defines its own functionality and exposed APIs.

When we were working on the specialized framework, we believe that a large
problem can be divided into several subproblems. Applying the divide and conquer
strategy, we design a specialized framework to address each of the subproblem and
all these results put together can solve the origin complex problem. If we want to
link them then the linking operation between the core and specialized framework or
between two specialized frameworks is done by the pipeline module which has already
been explained in Section 3.2.3.

In this thesis, we proposed three specialized frameworks, shown as the rectangle in
yellow in Figure 26. A combination of two of them (detector and recognizer) aiming
re-identify the same person across multiple cameras in order to solve the limitation we
mentioned in Section 1.2. And the other one (tracker) is used for skeleton tracking.

In this section, we will describe the architecture of each specialized framework.

3.3.1 Tracker Specialized Framework Design

In Section 1.5, we explained the need for skeleton tracking. Also, concurrently with
this thesis being written, there is another work happening which aims at providing
the functionality of gesture tracking. So it is necessary for us to abstract the common
methods of skeleton tracker, gesture tracker and a variety of other possible trackers.
Recall the problem a tracker attempt to address is that for a given sequence of frames
and a target, it is expected to locate the target for each of the remaining frames.

In order to achieve that, we design the tracker specialized framework as shown
in Figure 34. 0ITrackerFactory is responsible for instantiating the concrete tracker
object and tracker frame object. 0ITracker is the abstract class of the tracker,
it defines three basic methods, startTracking for starting tracking, stopTracking

for stopping tracking and readFrame for reading data from the input source and
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OlTrackerFactory OlTrackerFrame

+ createTracker(string) : OlTracker & + virtual ~OlTrackerFrame() = default

+ createTrackerFrame(string) : OlTrackerFrame & + virtual getUsers() : vector<shared_ptr<OlUserData>> = 0
+ virtual getUserByld(userld: int) : OlUserData & const = 0
+ virtual getUserMap() const : OlUserMap & =0

+ virtual getSupportedJointType() : vector<JointType> & = 0

OlTracker

+ virtual ~OlTracker() = default

+ virtual startTracking() : void = 0

+ virtual stopTracking() : void = 0

+ virtual readFrame(OITrackerFrame *trackerFrame) : void = 0

Figure 34: Design of the OpenlSS tracker specialized framework.

apply tracking algorithm on it, which is where the magic should be implemented in
a subclass. The parameter, 0ITrackerFrame, acts as a data container, the result of

the tracking will be placed within this class and it will be updated for each frame.

3.3.2 Detector Specialized Framework Design

As mentioned in Section 1.3, the RelD problem can be divided into two parts and
one of them is object detection, so it is necessary to design a specialized framework
for it. Since we are designing a framework, in order to maintain its abstractness and
extensibility, we need to extract the common parts of different kinds of detector then
provide an abstraction of them. Recall the definition of object detection we gave in
Section 1.3, given an image I and a list of objects C, the output will be a list of
bounding box B which contains the instances of objects listed in C.

With such consideration, we design the specialized framework as shown in
Figure 35. The 0IDetector is the abstract class which will be exposed to the user.
Depending on the user’s specific demand, they can use either our pre-defined hot spot
or create their own hot spot to perform different kinds of detection algorithm. The
frozen spot itself 0IDetector has a member variable classList contains the name
of the supported classes of a detector and a method named detect which take an
instance (hot spot) of the OpenlSS common data structure 0IFrame as input and
output a list of bounding boxes with the type 0IBBox. Since the detector may be
used to detect any kind of objects, the shape of the bounding box may be different.
0IBBox is the abstract class of the result which currently has two pre-defined hot spots
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OlDetector OIBBox
+ classList: vector<string> + type: o_peniss::BBoxType
+ cls: string
+ detect(frame: OIFrame) : vector<OIBBox> + getBBoX() : vector<int>
Extends: % Extends:
OlDetectorFactory
+ create(string) : OlDetector & OIBBoxRect OIBBoxCircular
+ top: int + x:int
+ left: int +y:int
+ bottom: int + radius: int
+ right: int
+ getBBox() : vector<int>
+ getBBox() : vector<int>

Figure 35: Design of the OpenlSS detector specialized framework.

0IBBoxRect and 0IBBoxCircular representing the rectangular and circular shape of
bounding box respectively. If any other shape is needed, the user can create their
own subclass inherited from the abstract class. Finally, we adapt the factory pattern
just like the device module to encapsulate the creation process of different concrete
detectors so that the user just needs to specify the name of the detector and pass it to
a factory’s function named create. It will return a reference with type 0IDetector

wrapping the desired concrete detector.

3.3.3 Recognizer Specialized Framework Design

As mentioned in Section 1.3, the RelD task can be divided into two parts and we
already explained object detection in the previous section. The other part is object
retrieval. In other words, you are given a set of gallery images with their identities
in advance. Then for a never seen query image, the recognizer is expected to tell its
identity among the gallery images.

Following the same pattern as the detector specialized framework, we design the
recognizer specialized framework shown as Figure 36. Because we need to compare
an item with all the items within a database, the first step, of course, is that we
need to create a database. According to our definition, a database is a hashmap

where the key is the identity string and the value is a descriptor represented by the
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OIRecognizer OlDescriptor

+ database: map<string, OlDescriptor> + source: string

+ features: OINdArray

+ id: string
+ predict(item: OIFrame) : string
- attachDatabase : void !
- lookupDatabase(desp: OlDescriptor): string Use

VA
OIRecognizerFactory | OINdArray |

+ create(string) : OIRecognizer &

Figure 36: Design of the OpenlSS recognizer specialized framework.

class 0OIDescriptor computed from the source (e.g. an image or a video). Inside
the 0IDescriptor class, the variable srcPath points to the location of the source
represented by this descriptor. The variable features means the feature vector of
the content of the source and the variable id means the identity label. Feature is
one of the most significant parts for recognition, the core idea of recognition is trying
to find a way that can measure the distance between two features accurately and
effectively. Since these features are high dimensional vectors, it is hard to imagine
and tell what kinds of metrics can perform better. Feature is represented by the class
0INdArray within the recognizer specialized framework which encapsulates an N-
dimensional array. Since 0IRecognizerFactory works exactly the same as its sibling
within the detector framework, we will omit the explanation for it here. Finally, we
reach the frozen spot of the recognizer representing the class named 0IRecognizer.
It has a variable name database which holds all the pre-defined identities and three
functions. The method attachDatabase is easy to understand, as its name implies,
it is used to attach the database to the recognizer. The method lookupDatabase
defines how to look up the possible result with a given descriptor in hand in the
database. The method predict is one that the user needs to invoke, it takes one

parameter typed 0IFrame which is the image that contains the targeted item.

3.4 Summary

In this chapter, we introduced the design of our framework. We began with

establishing a rationale to explain why we choose the framework design solution. This
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was followed by a description of the structure of the framework. We logically split
the whole solution into two parts, one serving as infrastructure called core framework
and the other one is responsible for specific tasks called specialized frameworks, in
our design, there can be multiple independent specialized frameworks. Then we
explained the design of each module (a.k.a. the frozen spots) within both the core
and specialized frameworks. In the next chapter, we are going to describe how we
create a framework instance to fulfill the requirements and scenarios proposed in

Section 1.5.
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Chapter 4

Framework Instantiation

In this chapter, we are going to describe in detail how we create an instance of the
framework we proposed in Chapter 3. We start with the implementation decisions by
explaining why we choose the selected techniques followed by the project structure
used during the implementation time. Then for each frozen spot introduced in
Section 3.2 and Section 3.3, we describe our instantiation process and the essential

implementation detail.

4.1 Implementation Decision

In Section 3.1, we stated why we chose a framework design approach. For a
programming problem, if we just want to solve it and only it specifically, what we
need may be just a piece of regular software. But if we want to provide a generic
solution that may apply to different problems, it requires extra work and may become
more complex. The framework approach aims at providing a general solution, so for
sure its complexity is higher and its development will become more difficult than
the usual approach. Under such a situation, it is important to make decisions that
can enable us to work in an efficient and productive manner. For implementing a
framework, what kind of programming language we are going to use, how to compile
the whole framework with its dependencies and build executable software and how
to manage the whole project efficiently and clearly are all significant points that we

have to address, which we are discussing in this chapter.
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4.1.1 Programming Language and Compilation Tool

In Section 2.3, a list of currently available software has been surveyed. From that list
we found most of them were written in C++-, based on this fact, to make good used
of the existing resources, we determine to use C++ to develop our framework as well.

We can benefit from using C++ in the following aspects:

e Utilizes the existing software maximally.

e Obtains faster speed than most of the other programming languages since it is

closer to the hardware.

e Relatively easier to communicate with other languages since a many

programming languages were themselves written in C/C++.

With these advantages, C++ also has it own limitations. For example, there is
no easy way to manage dependencies when the project becomes complicated. To
address this problem, CMake was selected, which is an open-source cross-platform
building tool. By using it, we can build our framework in Linux, MacOS or any other
*nix-based platform with the same command. Also, with the support of CMake, the
end-users can enable the building process partially which means they need only to

compile and build the framework based on their specific needs.

4.1.2 Framework Layers and Project Structure

In the context of software engineering, a system can be partitioned using the concept
of software layers. Software layers are where each “layer” of a system deals with a
certain function of a system which, usually, gets more and more detailed as you burrow
down into the layer stack. In our implementation, to separate the responsibility
of different modules and specialized frameworks, we proposed a three-layer software
model shown as Figure 37 and assign components into corresponding layers according
to their functionalities, the description of each layer can be found in Table 1. Within

such a logically stated separation, in our implemented code base, we also need to
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Application Layer Pedestrian Person Skeleton
Detection RelD Tracking
High Level OlTracker OlDetector OIRecognizer
SDK
Layer
Low Level OlDevice OIPythonEnv OlFrame
RealSense
Hardware Layer Freenect Freenect2 SDK
Figure 37: Three-layer model for OpenlSS framework
Layer’s Name Description

Provides sample usages of the framework for the end-users

Application Layer (application developers)

Provides encapsulated functionalities to end-users, hide the

SDK Layer (high level) complexity of the implementation

Provides atomic APIs to the end-users which enable them to

SDK Layer (low level) create custom functionalities based on their own demands

Provides encapsulation of the hardware, which usually the application

Hardware Layer developers will not interested in

Table 1: Description of the responsibility of different layers

Directory Name Description

src Contains all the source code of the framework itself
samples Contains all the source code of the application level samples
modules Contains custom cmake modules for building the framework
python Contains all the python modules using by the framework

Contains all necessary scripts (e.g. download datasets,

script .
P configure environment)

Table 2: Directory structure and their functionalities.

structure our code clear and maintain the modularity of our design. For this purpose,

we employ a project directory structure shown as Table 2.

64



4.2 Framework Instantiation Overview

As discussed at the beginning of Section 3.3, the relationship between the core and
specialized framework is that each specialized framework takes the needed modules in
the core as dependencies. In this section, we would like to give an overview regarding
how the instances we create will interact with the core and their corresponding
specialized framework.

For the device instances, of course, it will have interaction with the device module
within the core. Precisely, the device instances will have to inherit the 0IDevice class.
Also, in order to allow the framework to control the flow of execution, all the devices
instance will have to implement the 0IFlowable interface. For the tracker instance,
two instances classes will have to inherit the 0ITracker and the 0ITrackerFrame
respectively. For detector instance and recognizer instances, since our implementation
are based on deep learning approaches and the programs are written in Python. First
we have to inherit from the 0IDetector and 0IRecognizer respectively, then take
the 0IPythonEnv as dependency. Finally, like the device module, they also have
to implement the 0IFlowable interface to transfer the control power to the core
framework.

In the following section, we are going to explain in detail the instantiation process
of the essential device module within the core as well as each of the specialized

frameworks.

4.3 Core and Specialized Framework Instantiation

In this section, we describe how we create hot spots for those frozen spots introduced
in Section 3.2 and Section 3.3, the augmented architecture diagram shown as
Figure 38.

For the device module in the core framework, we describe how we instantiate
it to support three different kinds of depth cameras. For the detector specialized

framework, we describe what kind of modification we made and how we train the
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Figure 38: Implemented OpenlISS framework instance.

YOLO model introduced in Section 2.1.2.1 and integrate it into our solution as a
detector framework instance. For the recognizer specialized framework, we describe
how we train a person RelD network which is a combination of the identification
model and triplet model explain in Section 2.2.1 and Section 2.2.3. For the tracker
specialized framework, we describe how we instantiate it with the existing NiTE2

middleware introduced in Section 2.3.4 implementation.

4.3.1 Device Module Instantiation

In Section 3.2.1, we described the design of the device module within the core
framework. To enable our framework to work with real cameras, we have to instantiate
the framework by creating a hot spot for the device’s frozen spot. Currently, we plan
to support three kinds of devices: Kinect v1, Kinect v2 and RealSense D435. These
devices come from different manufacturers which are supported by their own hardware
drivers. To combine them within a same set of APIs, the idea can be illustrated by
Figure 39. For each kind of device, we create a concrete class, in our case, will
be the class 0IKinect and OIRealSense to wrap the concrete implementation of
the defined functions within the 0IDevice abstract class explained in Section 3.2.1.
Then because of the factory design pattern, what the framework users get from the

factory is a reference with type 0IDevice, so they can obtain the ability accessing
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Figure 39: Instantiation of the device module of the core framework.

the same function definition but with different implementation from the dynamic

dispatch mechanism.

4.3.2 Detector Specialized Framework Instantiation

In Section 3.3.2, we proposed the design of frozen spot for a detector specialized
framework in general. To achieve person detection to fulfill our requirement, based
on the detector frozen spot, we create a deep learning-based person detector hot spot.
The overall idea shown as Figure 40.

We develop a concrete class 0IPedestrianDetector which extends the abstract
class OIDetector, serving as a wrapper of the concrete Python implementation of
the YOLO detector. The communication required here between C++ and Python
is enabled by the cross-language module introduced in Section 3.2.2 from the core
framework. From the users aspect, they don’t need to worry about how the framework

works with various other detectors, but only need to know the usage of them. For the

67



O OlPersonDetector
use
OlDetector
framework
users person
detector
9%
O -
e develop A
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create
OlDetectorFactory |—>| OlDetector | | OlFlowable
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OlPersonDetector

PersonDetector.py S, :pyEn v: OlPythonEny
+ detect( )
+ detectimg() + virutal detect(frame: OIFrame) : vector<OIBBox>

+ detectimage(frame: OlIFrame) : cv::Mat

+ check(context: OlIFlowContext) : bool
+ flow(context: OIFlowContext) : void
+ type() : string

Figure 40: Instantiation of the detector specialized framework.

specialized framework developers, with such design, they don’t need to know how the
cross-language works as well, but passing the requested methods or classes name to
the 0IPythonEnv, the cross-language module will handle it for you. It simplifies the
required impementation effectively by improving the effectiveness of the development
process of both the applications and framework itself.

We previously described the big picture of the detector specialized framework. In
the following paragraph, we will explain in detail how we implement the YOLO model
and reduce its scope from object detection to person detection. In this thesis, we take
[7] as a reference and training facility, re-implement our version of the model since we
want to adapt it to our framework but use the trainer they provided to re-train the
model. The reason why we need to re-train is that the existing YOLO implementation

is used for object detection rather than person detection. The difference between
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Figure 41: Implemented YOLO v3 architecture

them is that if you want to make your model be able to detect more classes of objects
the more training time you need to spend as well as memory space. Since we want
to integrate two deep learning-based approaches (detection and re-identification) in
real-time, in such a context, both time and space complexity are essential to us.

In our implementation, we follow exactly the same network architecture proposed
in [42] illustrated by Figure 41. Since there are already numerous pre-trained YOLO
model in existence, we are not going to train it from scratch, but perform some fine-
tuning processes on a pre-trained model to get the one which can fit our need. The

full tuning process we employed can be described by the following steps:

1. Download the well-trained YOLO model from its official repository.
2. Convert the model’s weight into Keras format from its original Darknet format.

3. Download the VOC2012 dataset and loop over all images in the training set
annotating the one with person(s) and extracting their corresponding bounding

boxes information.

4. Load the converted pre-trained weights then follow the methods proposed in the
original YOLO v3 paper [42] to fine-tune the model to obtain a person detector

rather than an object detector.
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Since we reduce the complexity of an object detector to a person detector, we
believe that could help to improve the training speed. The following discussion
explains our rationale: According to [42], there is a total of 9 anchors which are
obtained by applying K-means cluster algorithm during the training phase. These 9
anchors can be divided into 3 groups, each of them is given to final feature map with
the size [13,13,255], [26,26,255] and [52,52, 255] respectively. So we can calculate
that we are going to have: 13 x 13 X 3+ 26 x 26 x 3+ 52 x 52 x 3 = 10647 bounding
boxes for each input image. For each bounding box, we need to compute a probability
for each of the pre-defined classes then multiply the confidence score for this box to
obtain the final score for one class illustrated by Figure 42. Take the VOC2012
dataset as an example, there is a total of 20 classes of object. So for each bounding
box, there will be 20 times multiplication operations. Since we have 105647 boxes,
then it will be 20 x 10647 = 212940 operations per input image. But if we only
care about the person we can reduce the 20 classes to 2 classes, then the
total calculation will be 2 x 10647 = 21294 which is one-tenth of the original
one. This can also speed up the non-maximum suppression (NMS) process which
could help to eliminate overlapped boxes. In most of the deep learning problems
where the training data is normally large, these modifications will significantly help
to reduce the training time.

Once we have the score for each interested class, we will (1) use a threshold to
filter out the one with a lower score and (2) apply the NMS algorithm to eliminate
the boxes with high overlapping ratio. Assume we still use the VOC2012 dataset with
20 classes, since we have 10647 boxes, then the class score can form a 20 x 10647 (row
x col) matrix. The procedure can be described in the following way and visualized

by Figure 43.

1. Examine all the class scores, select a threshold then set all the score lower than

threshold to be zero.

2. Take the class score for the same class from all predictive boxes, sort them in a

decreasing order.
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Figure 42: Calculation process of each cell in the feature map.

3. Mark the box with maximum score as bbox_max, then use it to compare with

all the remaining boxes bbox_cur on the intersection over union metric.

4. if ToU(bbox_max, bbox_cur) > 0.5 then set the score to be zero. Otherwise,

keep it unchanged.

4.3.3 Recognizer Specialized Framework Instantiation

Person recognizer is the most significant component in our specialized framework,
without it we cannot reach our final goal covering the stage with more than one
camera. In Section 3.3.3, we proposed the generic design of the frozen spot for a
common recognizer. For our specific purpose, we need the capacity to re-identify the
same person across multiple cameras, so what we need is actually a person recognizer
instance (hot spot). Just like the way we did for the detector, we follow the same

idea and come up with the instantiation plan shown as Figure 44. The only difference
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Figure 43: Non-maximum suppression process.

here is that the database invoked in this case, we have to create the database first
before we use the recognizer, otherwise, there is nothing to be recognized. There is
a variety of ways to create the database. The corresponding logic should be added
into the attachDatabase method. And the comparison between the the input and
the records within the database should be written in the method lookupDatabase.
In this case, we are using a deep learning-based model, so we need to use the model
to compute the descriptor for each given record and store them in the database then
compare the distance between query and gallery descriptors. More detail can be found
in Section 4.3.3.3.

In order to keep the consistency with the person detector and fill the research
gap described in Section 2.3.7, our implementation of the recognizer is written in
Python and built on top of TensorFlow and Keras. In the following paragraph, we
first introduce our network structure, then explain our training process which includes
data pre-processing, loss function, optimizer and some important hyper-parameters.
In the end, we will discuss the methodology that we used to perform inference by

using the trained model.
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Figure 44: Instantiation of the recognizer specialized framework.
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Figure 45: Implemented recognizer network architecture. The pink color represents
input, blue means backbone network, orange represents a special layer and green
means loss function layer.
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4.3.3.1 Network Architecture

We implemented a network architecture shown as Figure 45, which is a combination of
the identification model and distance metric-based model mentioned in Section 2.2. It
employs a Residual-50 network as the feature extractor followed by a global average
pooling layer (GAP) to flatten out the feature vector. Then in one branch, the
extracted feature f; was sent to calculate the triplet loss while in the other branch was
used to obtain f; after passing through a batch normalization layer (BN) to compute
the identification loss. In the end, the fully connected layer (FC) is responsible for
classification during the training time. According to [52], if we can get a higher spatial
resolution before global pooling by changing the stride in the last convolutional layer
from 2 to 1, which would not affect the number of parameters, obvious improvement
can be obtained. Because of that, we modified our ResNet50 accordingly. Like most
of the deep learning tasks, our model was also initialized with the weights pre-trained
on ImageNet. From the implementation point of view, it is important to point out
that when we are using any pre-trained weights, we need to make sure the input
image respect to the format of the pre-trained model. In Keras, this can be done by

invoking the preprocess_input method within the pre-defined model package.

4.3.3.2 Training

As we can see from Figure 45, during the training, our model will be guided by two

loss functions: triplet loss and ID loss.

L= Ltriplet + LID (6)

where Ly ipie: is defined as Equation 3, L;jp = —y - log(y) is the cross-entropy loss.
Since the training set is too large to fit into memory in one shot, the mini-batch
training strategy was adopted as well as the sampling method proposed in [23]. For
each mini-batch, we randomly select P identities and for each identity random K
images will be chosen. In our implementation, P is set to 16 and K is set to 4, which

makes the batch size to become 64. This work is done by the class RandomSampler
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whose UML diagram shown as Figure 46.

In order to prevent overfitting and enhance the generalization ability of the model,
a data augmentation technique named random erasing [68] was applied to each image
individually on-the-fly when constructing each mini-batch of data. Just like its
name suggests, it will randomly replace a portion of the pixel’s intensity within the
image with some random values. Besides that three more steps pre-processing were
applied to enlarge the dataset. These pre-processing methods are commonly used
in the image-based deep learning problem, they are implemented in the file named

preprocess.py.

e Pad 10 pixels around the image
e Randomly crop the image back to the size before padding

e Flip the image horizontally with 0.5 probability

For the optimizer, we used the build-in Adam algorithm provided by Keras
but with warm-up learning rate setting [13]. Precisely, the learning rate has been
scheduled as Equation 7, where t is the current epoch. Last but not least, according
to [33], they trained their model for 120 epochs and it is sufficient to obtain a good
result. Also, from our training result shown by Figure 48, this number is enough for

the model’s convergence, so we set our total training epochs to 120 as well.

4
3.5x107° x & if £ <10
3.5 x 107 if 10 <t <40
Ir(t) = < (7)
3.5 x 107° if 40 <t <70
| 3.5 106 if 70 < t < 120

From the implementation point of view, the training program can be illustrated
by Figure 47. Firstly, we defined a set of configuration variables and the structure of
the model. Then we pass the configuration to the model, attach it with defined loss
functions, optimizer and necessary callback functions then run the model in training

mode. During the training time, the data will be retrieved from the dataset, sampled
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Figure 46: UML class diagram of RandomSampler class
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Figure 47: Code structure of the RelD training program

by the Sampler, applied data argumentation by DataGen and wrapped up to be a

Python generator

With these setting and after training, the result can be visualized by Figure 48,
we can see clearly that the model starts to converge at around 50" epochs. And from

the training accuracy figure, we can find that there is a steep increase between 10"

and 20" epochs.

object by DataGenWrapper.

4.3.3.3 Inference

We explained the training process above, let’s take a look at the inference procedure.

Assume we have a query image ¢ and a set of gallery images G. The model is denoted

by M and the output of model will be f; then we have:
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Figure 48: Training visualization diagram. Upper left: training identification loss
curve. Upper right: training triplet hard loss curve. Lower left: total training loss
curve. Lower right: training classification accuracy.

f*" = M(q) and ff = M(G)

()

Once we have the feature descriptor, then for each f € f¢ we calculate the distance

D; between f and fI*“":

D; = distance(f, f"Y) f € f¢ (8)

Finally, the gallery image which gives the minimal distance will be the one whose

identity needs to be returned:

id = arg min(D;)

If the reader wants to reproduce the result, attention needs to be paid on one

7



issue that the dimension of f“Y and f¢ are different so when we try to feed
the single query image into the model, we have to explicitly add one more axis to
it. What’s more is that, according to Equation 8, a distance function is used to

f"Y . The most popular distance function for

perform comparison between f and
two vectors comparison are: (1) euclidean distance and (2) cosine distance. According
to [33], using (2) can obtain a better result. Our implementation offers both two
methods, but for simplicity we don’t follow exactly the cosine distance calculation.
We have the function euclidean(f1, £2) for the standard Euclidean distance but

L2(euclidean(f1, £2)) which is equivalent to cosine distance.

4.3.4 'Tracker Specialized Framework Instantiation

In the plan of OpenlISS framework, there are three kinds of trackers that are needed:
skeleton tracker, facial landmark tracker and gesture tracker. In this thesis, we focus
on the skeleton tracker. Skeleton tracking is the processing of depth image data to
establish the positions of various skeleton joints on a human form. This information
can be useful in many cases, as mentioned in Section 2.2.5, the approach proposed
by [35] takes skeleton as the starting point. A lot of research has been conducted in
this area and a lot of methods both conventional and deep learning-based have been
developed. We will not focus on developing our own approach but to implement an
existing one and design it as an instance of the specialized framework to allow users
to integrate other approaches or develop their own approach easily.

Like what we did for the device abstraction, here we design a similar mechanism
which is a hierarchical architecture shown as Figure 49 that can support real-time
skeleton tracking with good extensibility without any GPU device needed. From
the implementation point of view, firstly, we abstract the common functionalities
of the skeleton tracker to create an abstract superclass 0ITracker, which serves
as a contract exposed to the users and hides its implementation complexity. Our
implementation is based on a middleware of OpenNI2 named NiTE2 mentioned
in Section 2.3.4. So we create a concrete subclass which inherits from 0ITracker

named 0INiTETracker. It can be seen as an adapter that adapts the NiTE tracking
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algorithm to our framework’s data structure. Let’s go deeper, starting from the
method readFrame(0ITrackerFrame). FKEvery time a new frame is read from the
device, this method will be invoked. Its job is to perform skeleton detection to take the
data from the NiTE2’s data structure and move them to several OpenISS framework’s
data structures which will be eventually packed into 0ITrackerFrame. There are
three specialized framework-specific data holder classes and their responsibilities listed

below:

e 0IUserData contains all the data for each single detected skeleton.

e 0IUserMap contains a 2d array with the same resolution as the depth image,
where the background indicated by 0 and the detected skeleton for each person
indicated by their user id.

e 0ISkeleton contains a hashmap which the key is the joint type and the value

is the position of that joint.

4.3.5 RelD Context Instantiation

As mentioned in Section 3.2.3, we have the pipeline module designed in the core
framework. In this chapter, we have 0ISkeletonTracker, 0IPedestrianDetector
and OIPersonRecognizer both implementing the 0IFlowable interface to serve as
filters within a pipeline. In order to build up a RelD pipeline for our final goal, what
we are still missing is a concrete class for the 0IFlowContext which will be used as
the data holder for intermediate result generated during the execution of the pipeline.
For this purpose, we define a class 0IReIDFlowContext which extends the abstract
class 0IFlowContext. For RelD task, the pipeline will need to contain the concrete
implementation of a device, a detector, a recognizer and a viewer. Also, all the input
and output of these components are being defined in the previous sections. So within
the concrete context class, we need to define the way we store the temporary results.
For example, the data frame captured from the device, the bounding boxes used to

mask out the detected person, as well as the way we query them from the latter filter
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Figure 49: Instantiation of the tracker specialized framework.

within the pipeline. In this case, since we have the type of each filter and all of
them are distinct from each other, we use their type as a key and create different
logic when the query or save get called within their respective implementation as a

pipeline filter.

4.4 Summary

In this chapter, we describe the instantiation and implementation for the frozen spots
within both the core and specialized frameworks. A lot of focus is put on discussing
two deep learning-based models’ development (detector and recognizer) as well as
how to integrate them into the specialized framework with the desired APIs exposed.
In the next chapter, we will see how can we make use of these hot spot classes to

form an application which can eventually address our research problem.
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Chapter 5

Applications

In this chapter, we will explain how to make use of the framework instance created in
Chapter 4 to build a person re-identification application to realize our main goal of
tracking the same person across multiple cameras. Besides the main RelD application,
we will also introduce other applications: skeleton tracking, camera calibration,
image alignment and green screen image, which are all built on top of our OpenlSS
framework instance. With the applications added, the architecture of our current

system can be shown by Figure 50.

Application
OpenlSS Framework Instance
OpenlSS Framework
| OpenlSS Tracker “— OlSkeletonTracker |
) Specialized Framework (NiTE) g
OlKinect m OpeniSs : E
Core Framework : :
OlRealSense — c i
| Device Module '°s'a' :ngI;uage . OpenlSS Detector L OlPersonDetector | ! y
odule < Specialized Framework (YOLO) '
Common : . E
AOIFrame > BE G s Viewer Modli:e : :
: Pipeline Module Ki---------- T ) ;
A A H nOpe'nI$S 5;?03:“‘7:1( <+——— OlPersonRecognizer :---;
OlDataFrame . T s nlonoog ] L Smewo 5
Ly L — R — R — B =
OlAbstractDataFrame OISktFlowContext OIRelDFlowContext OlOpenCVViewer L S
A A == == ;
Skeleton Tracking Camera Calibration Image Alignment Green Screen Image
RelD App
App App App App

Figure 50: Applications built on top of our framework instance.
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Figure 51: Person re-identification pipeline, the solid line arrow represents the pipeline
execution order and the dash line arrow represents the data flow.

5.1 RelD Application

Until now, what we described in the previous chapters is the design and
implementation of the framework itself. But it cannot solve our concrete RelD
problem directly, since they are just pieces of solution for each subproblems. If we
would like to use it for a specific task, we need a way to organize these fragments
so that they can operate following our expectations. Our RelD application is the
software we built using our framework instance to address the RelD task which
includes person detection and person recognition.

As mentioned in Section 1.3, the person RelD task can be divided into two
portions: one is person detection and the other is person retrieval. We have
already shown how to create two specialized frameworks for each of these two parts.
Intuitively, what we need to do next is to arrange them in a suitable order to make
them work properly together. More specifically, the RelD application workflow can

be described as following;:

1. The raw data flow into the device module from the core framework being

encapsulated as an instance of 0IFrame.

2. The frame then being passed to the person detector which is a concrete
implementation of the abstract 0IDetector class invoking the deep learning-

based model implemented in Python via the cross-language module in the core.

3. The output of the detector specialized framework will be a list of bounding

boxes which can be used to mask the data frame, each of the masked result
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contains a presence of a person.

4. These results will flow into the recognizer specialized framework which again
depends on cross-language module since the corresponding model is also
implemented in Python to compute and compare the descriptors among the

database.

The process described above make a lot of sense but it requires the application
developer to know how all these device module, person detector and person recognizer
work, what are their input and output, etc. In most of the case, the application
developers don’t really care about these internal details, what they want just a
working application that can achieve their goal. As a framework solution, we should
provide such functionality along with ease of use through abstraction. The application
developers tell the framework what they want and the framework takes care of the
internal process and return the result directly. That is where the pipeline module in
the core framework comes to the picture.

As mentioned in Section 3.2.3, the class 0IPipeline serves as an execution engine
for a list of filters. Filters are the classes which can live within a pipeline instance.
They are required to implement the 0IFlowable interface. All their input and output
are stored inside the instance of the abstract class 0IFlowContext. For the RelD
task, we proposed a pipeline instance shown as Figure 51. Now, with the pipeline
instance, the application developer doesn’t need to worry about the details anymore
(i.e. what is the return values of the person detector and how to handle them and
pass them to the next filter) since the pipeline will take the program’s flow of control.
What the user needs to do is to tell the framework how to assemble these filters
within the pipeline. That is done by creating an instance of a specific filter with
type 0IFlowable then invoke the push method defined in 0IPipeline class and pass
that filter as parameter. The steps we describe here can be accurately expressed by
Algorithm 2.

So with the pipeline module, after assembling the pipeline instance, there is only

one step to fire the RelD application. The user of our framework simply invokes one
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Algorithm 2: RelD application procedure

© 0 N o oA W N+
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devF < create a device factory

detF < create a detector factory
recogF <— create a recognizer factory
db <« create a database for recognizer

noEcsPressed = True

device = devF.create("name of the device”)
detector = detF.create(”name of detector”)
recognizer = recogF .create(”name of recognizer”)
recognizer.attachDatabase(db)

reidContext = new OIReIDFlowContext
reidPL = new OIPipeline(reidContext)
reidPL.push(dev)

reidPL.push(detector)
reidPL.push(recognizer)
reidPL.push(new OIOpenCV Viewer)

while noEcsPressed do
reidPL.flow(reidContext)

if isEcsPressed then
L noEcsPressed = False

function defined in the core, precisely, the £low method within the class 0IPipeline.
Then the framework gives the corresponding result back without any other user
interaction or external programming required. What we described above is actually
the beauty of a framework solution. It frees the user from knowing the temporary
result to allow them to focus on their own application development. Also, it is a key
feature of a framework solution. The system takes the control of the program which is
known as inversion of control. With the pipeline module, or we can say, the framework
solution, the user just needs to tell what they want and the framework will take care
of the rest and return the result directly. Also, it enables a framework developer to
design each specialized framework modularly and make these components reusable.

Because they don’t belong to any specific task anymore and may be used in any other

pipeline instances.
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Figure 52: Tracker module interaction diagram, the boxes in blue are our framework’s
components, the box in orange is the concrete tracking algorithm implementation, the
boxes in gray are the low level components.

5.2 Skeleton Tracking Application

As mentioned in Section 1.5.4, we would like to keep the functionality of skeleton
tracking originally designed for ISSv2. To achieve that, we defined a set of frozen
spots in Section 3.3.1 and create a specific hot spot for these frozen spots by adapting
the implementation from NiTE2 in Section 4.3.4.

The workflow of the tracker instance is depicted in Figure 52. Firstly, the
tracker factory OITrackerFactory will take a concrete class of 0IDevice and
create the instance of a concrete tracker but return a reference of its superclass
OITracker. Secondly, the tracker will aggregate the information from NiTE2 and
update the data holder within the concrete class of 0ITrackerFrame, in our case,
O0INiTETrackerFrame. Finally, the gathered data will be sent to the viewer and draw
the skeleton out for the user. In Figure 52, the box in orange (NiTE2) is one of the
possible implementations. It can be replaced by any other implementation by passing
different indicators to the tracker factory.

In Section 4.3.4, we showed that the 0ISkeletonTracker class implements the
0IFlowable interface which means that the skeleton tracking application will work in

the same manner as our RelD application. With the pipeline mechanism introduced,
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Figure 53: Skeleton tracking application pipeline. The solid line arrow represents the
pipeline execution order and the dash line arrow represents the data flow.

our first step is to create a corresponding skeleton tracking pipeline shown as
Figure 53, then we instantiate the a device filter as input, a tracker filter to perform
tracking and a viewer filter for display. Next, as what we did for RelD application,
we have to create a concrete 0IFlowContext for the skeleton tracking task named
0ISktFlowContext. Finally, we invoke the flow method of the pipeline instance.

The procedure can be described as Algorithm 3.

Algorithm 3: Skeleton tracking application procedure

devF <« create a device factory
tkF < create a tracker factory

noEcsPressed = True
device = devF.create("name of the device”)
tracker = tkF.create(”name of the tracker”)

sktContext = new OISktFlowContext
sktPL = new OIPipeline(sktContext)
sktPL.push(dev)

sktPL.push(tracker)

sktPL.push(new OIOpenCV Viewer)

© 00 N & Utk W N =

- e e
w N = O

while noFEcsPressed do
sktPL.flow(sktContext)
if isEcsPressed then
L noEcsPressed = False

[ S S
N o O
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Sample Name Description

Camera calibration application, which can be used to calibrate camera

calib.cpp by inputting checkerboard images.

Minimum Kinect application, it can stream both color and depth

ki _ . . . . .
inect-capture. cpp image of the scene in real time and display on the screen.

kinect_sklt.cpp Skeleton tracking application using Kinect devices.

Minimum RealSense application, it can stream both color and

rs-capture. cpp depth image of the scene in real time and display them.

Image alignment application, it can align the depth image to
rs_align.cpp the color image captured by RealSense camera and also filter
out the background based on the distance value.

olo.c Person detection application based on YOLO v3 algorithm
yoto-cpp built on top of OpenlISS APIs.

reid.cpp Person re-identification application.

Table 3: Available applications provided by OpenlISS.

5.3 Other Applications

Besides the main person re-identification and the skeleton tracking application, we
have also implemented some other applications to show the usability of our framework.
All the available samples can be found under the path OpenISS/samples/. Currently,
we have the sample applications shown as Table 3. Like most of the popular
frameworks did, the samples not only prove our framework is useful but also serves
as the learning material for the application developers who want to build software
using our framework to learn how to use our APIs. In this section, we will examine
some of the applications with their supported theory behind and the implementation

detail.

5.3.1 Camera Calibration

Camera calibration, is one of the basic functionality of a computer vision-related
library. Because of the limitation of manufacturer craft, the intrinsic matrix which
is important for a certain camera application among of computer vision tasks varies
across cameras. Also, the pose of camera which is described by the extrinsic matrix
is another significant parameter as well. Camera calibration is a way to obtain both

intrinsic and extrinsic matrices as well as fixing the distortion issue of the cameras.
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5.3.1.1 Pinhole Model

Most of the cameras are using the pinhole model to capture images. The pinhole
model can be shown as Figure 55, where P(z,y,2) is a 3D point in the real-world,
P'(2',y) is the corresponding point in the 2D image plane and f’ is the focal length.
What a camera does can be imagined as a mapping relation between the real world
3D point and the image’s 2D point, illustrated as Equation 9. If we know the real
world poin’st P coordinate, by applying trigonometric calculations, we can calculate

the coordinate of P’ using Equation 10.

X !
T
P=|y|P=]|" (9)
Yy
zZ
o =
7" (10)
y—

5.3.1.2 Distortions Removal

Due to the fact that pinhole cameras may introduce distortion to images, we need
to understand what is the kind distortion, then figure out how to fix it. There
are mainly two kinds of distortions, radial and tangential distortion, illustrated by
Figure 54. According to [61], radial distortion can be solved by Equation 11 and
tangential distortion can be solved by Equation 12. Then eventually, we need to find

five parameters to describe this model, formulated as Equation 13.

ZLcorrected — L (1 + ]{517"2 + k2r4 + k37ﬁ)

Yeorrected = Y (1 + k17”2 + k2r4 + k3r6)

Zcorrected = T + [2p1$y + P2 (T2 + 2']:2)]

Yeorrected = Y + [pl (7,2 + 2y2) + 2]92539]
Distortion coefficients = ( ki ky pr pa ks ) (13)
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Figure 54: Two kinds of distortion models, the first row represents radial distortion,
the second row represents tangential distortion [5].

5.3.1.3 Intrinsic and Extrinsic Matrices

Observed from Equation 10, division is not a linear transformation which is not

convenient for calculation. So we move the coordinate from Cartesian to homogeneous

to make the formula linearly computable, also assuming optical center at (ug, vg), pixel

shape is square, no skew exists and no restriction to the camera pose. Then their

relation can be concluded by Figure 56 and formulated by Equation 14 where K is

the intrinsic matrix, E is the extrinsic matrix, R is the rotation matrix and ¢ is the

translation vector.
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Figure 55: Pinhole camera model.

. . . real world
image coordinate — - camera coordinate — - )
intrinsic matrix extrinsic matrix coordinate

Figure 56: Relation between three coordinates and camera matrices.

5.3.1.4 Solving Distortion coefficient, Intrinsic and Extrinsic Matrices

In the camera calibration problem, we need to perform a reverse computation in
which P and P’ are known, the unknown being the intrinsic and extrinsic matrices.
So we need to provide some sample images with well-defined pattern (typically a
checkerboard). Then we detect the corners of the image whose positions are known.
Finally, we solve the equation system to get our target K and E as well as the
distortion coefficient.

We already have OpenCV as our dependencies and it has the functionality that
can help us to solve those equations. So what we need to do just input a set of images
with the pre-defined pattern. We break the implementation into several methods, the
detailed explanation for each of them are listed below. A sample result can be found

through Figure 57.

1. prepareFileName, takes a directory that contains all the images used for

calibration as input, extracts their file path and puts them into a vector.

2. prepareObjChessboardCorners, prepares the pre-defined pattern of the corner

and stores them into a vector.
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[/home/gipsy/Documents/yiran/testing/calibration/img_colorz.jpg

Figure 57: Example usage for camera calibration application.

3. loadTestingImgAndFindCorner, invokes OpenCV to load the image into
memory and uses Haris-Corner detector to find a certain amount of corner

points within all the loaded images.

4. runCalibration, takes the pre-defined corners and the detected corners as
input applying the theory described in the previous section and solve the

equation to find the distortion coefficient, intrinsic and extrinsic matrices.

5.3.2 Image Alignment

Since in our solution, we target the depth cameras as the input device, in such case,
we will have not only the normal RGB image but also the depth image (an image

where the value in each pixel is the distance of the object away from the depth sensor).
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RGB Camera

IR Camera IR Emitter

Figure 58: Kinect v2 sensor front with cameras and emitter positions.

depth image

Figure 59: Raw color image and depth image without alignment, we can clearly see
that there is displacement between these two images.

Take Kinect v2 as an example: from Figure 58 we found that the RGB and depth
(IR) sensor are not at the same position on the camera housing which means that
these two images for the same scene cannot be mapped pixel to pixel directly. An
sample image pair before alignment can be shown as Figure 59. We can see that the
person is closer to the image right-edge in the left image than that in the right image.

In this case, what we actually want to do is to align the depth image coordinates to
the color image coordinates. More precisely, given the two types of image taken for the
same scene at the same time, one is the depth image Ijepen, = (a, b, depth) and the other
is the color image I.o0r = (m,n,intensity). For each pixel in Igepn, the alignment
problem is to find the corresponding point, where realworld(m,n) = realworld(a, b),
in I, and expand it to be (m,n,intensity, depth).

Assuming that we already know the matrices of both depth and color cameras
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OlAligner

+ intrinsic: openiss::Intrinsic
+ extrinsic: openiss::Extrinsic
+ device: openiss::OlDevice

+ deprojectPixelToPoint

+ deprojectimageToPointCloud
+ projectFromPointToPixel

+ projectPointCloudTolmage

+ transformPointToPoint

+ alignlmage

+ alignDepthToColor

Figure 60: UML class diagram of 0IAligner class

denoted by Kifll e, Eeatyinsie: Kiitinse and B, . then we loop over all the
pixels in the depth image and try to re-project them onto the color image plane. For
each pixel in the depth image paepn(2,y), we perform the following operations. In

our solution, this work is done by 0IAligner class shown as Figure 60.

1. With K2 and E%“P™ we can project Paeptn (2, y) back to the real world

intrinsic extrinsic’

coordinate to get P(x',y/, 7).

2. With Kgoer . and Elr . we capture the re-projected point P(a2’,y/, ') and

intrinsic extrinsic)

compute its corresponding point peeor(z”,y”) in the color image plane.

5.3.3 Green Screen Image

Green screen image, is a technique which is widely used in the film industry. The
originally idea is that we shoot a clip in front of a green backdrop then we apply
whatever background we need to replace the green part of the captured image. In
our case, we use this technique for background removal. Basically, it allows us to
remove useless information of the scene depending on the depth value which maybe
useful in some situations. For example, for the person recognition task, some models
may expect the input just to be the person itself without any other noise, then this

functionality becomes extremely helpful.
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Figure 61: An example of the green screen image, left is the original color image and
the right is the image after background removal.

In our implementation, we provide a GUI for the users to determine only to keep
the information based on a depth value threshold. This function deeply relies on the
two functionalities we mentioned above: camera calibration and image alignment.
Only when the image is aligned, we are able to filter out the pixel whose deep value is

larger than the threshold. An example of the application can be shown as Figure 61.

5.4 Summary

In this chapter, we introduced the applications which make use of our framework
instance proposed in Chapter 4. In the RelD application, we mainly focus on the
pipeline design architecture provided by our framework, which is the most valuable
point of our framework in this case. With such a mechanism, we can integrate
components into the framework easily, while maintaining a good modular design
and these components can be reused for various tasks. Then we described three
more applications which are common and basic within computer vision libraries
frameworks. The camera calibration allows us to obtain more accurate intrinsic and
extrinsic matrices, the image alignment enables us to map the depth image to the

color image pixel by pixel and the green screen image makes use of the previous
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two and provides background removal functionality that proves useful in various
situations. In the next chapter, we will evaluate our framework solution according to
our proposed requirements and demonstrate how well our solution can achieve using

common metrics acknowledged by the community.
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Chapter 6

Results and Evaluation

In this chapter, we will first evaluate our framework solution to show that we achieve
the goal we set up at the very beginning in Section 1.4. Also, both the functional
and non-functional requirements listed in Section 1.5 are fulfilled and the scenarios
are realized by the applications we described in Chapter 5. As we are demonstrating
that we can achieve the goal, we also want to analyze how well we can do it. So we
describe the common metrics which are acknowledged by the research community.
Then we employ exactly the same approach to evaluate our algorithms (or models)

and report our result with respect to these metrics.

6.1 Framework Evaluation

We proposed a framework approach in Chapter 3 to address the limitations we have
identified in Section 1.2 and fulfill the requirements listed in Section 1.5. In this
section, we will examine the requirements and scenarios one by one to show how our
solution addresses them. While doing so, we will also demonstrate the advantages
of our framework solution and show that this approach makes it more valuable and

interesting than just solve it by a more simple non-framework solution.
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void displayColor() { void displayColor() {
const charx winlName = "color image"; const charx winlName = "color image";
cv: :namedWindow(win1Name) ; cv: :namedWindow(win1Name) ;

OIDevFactory factory; O0IDevFactory factory;

std: :shared_ptr<OIDevice> pDevice = factory.create("[Slay"); std: :shared_ptr<0IDevice> pDevice = factory.create("[giLEE");
pDevice->open(); pDevice->open();

pDevice->enableColor(); pDevice->enableColor();

bool shutdown = false; bool shutdown = false;

while (!shutdown) { while (!shutdown) {
OIFramex colorFrame = pDevice->readFrame(openiss::COLOR_STREAM); OIFramex colorFrame = pDevice->readFrame(openiss::COLOR_STREAM);
colorFrame->show(win1Name) ; colorFrame->show(winl1Name) ;

int key = cvi:waitKey(1); int key = cviiwaitKey(1);
shutdown = shutdown || (key > @ && ((key & OxFF) == 27)); shutdown = shutdown || (key > @ && ((key & OxFF) == 27));

} }

Figure 62: Effort needed to switch between different cameras, left is the code for
Kinect and right is the code with the same effect for RealSense.

6.1.1 Device Switch and New Device Addition

As mentioned in Section 4.3.1, we have a device module that provides an abstraction
layer for various physical devices that would enable the switch among different devices
easily and also will not prohibitively increase the complexity of adding a new device.

Device switch: For both Kinect and RealSense cameras, we provide a minimum
working sample code for the users to see how to use them (as a starting point).
The code can be found under the path sample/kinect/kinect_capture.cpp and
sample/rs435/rs_capture.cpp. From these two files, we can find that the only
differences between them are just one line of code (even we can say just one word
changed to switch between Kinect and RealSense), shown by Figure 62. This clearly
demonstrates that our solution fulfills FR1 proposed in Section 1.5.1.

New device addition: Since we have an abstraction layer on top of each concrete
device implementation, we have to admit that when we try to add a new device it
will introduce a little bit more work compared to we don’t have any abstraction. But
if we look at the convenience (one word changed for switching between Kinect and
RealSense device) the abstraction layer brings to us we believe everyone will agree that
introducing a minimal amount of additional work is necessary. Under our design of
the framework, a developer needs to following steps to add a new device. It is evidence

which can clearly demonstrate that we fulfill FR2 proposed in Section 1.5.1.

1. Create a new class inheriting from 0IDevice and implement all its pure virtual
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methods under the directory src/.

2. Since we employed the factory design pattern, you still need to add the logic
to instantiate the appended device in 0IDeviceFactory class as well as the

device-related memory deallocation when it hs become useless.

6.1.2 Back-end Abstraction

As explained in Section 1.4, we want the OpenlSS framework to serve as a back-
end of our previous work ISSv2. The image alignment application we introduced in
Section 5.3.2 is a good showcase for it. In this application, no matter what kinds
of camera you are using, the low-level APIs like 0IDevice will abstract the physical
device and provide the operands (e.g. intrinsic, extrinsic matrices and the data for
each frame) needed for the image alignment computation. Then the aligned frame
will be encapsulated as an OpenlSS data structure 0IDataFrame and returned for
further usage. These processes, abstractions and encapsulations, are the core ideas
of a back-end system which provides a set of usable and convenient unified APIs for
the front-end to request without worrying about the complexity and implementation
details. The same applies to other applications mentioned in Section 5.3. They
all proved that the back-end abstraction is properly implemented and usable which
means the requirements are in fact satisfied. But we have to admit that one more
step needs to be done to complete the back-end abstraction. Since the ISSv2 was
developed in Java and our current solution is written in C/C++. A Java wrapper

that can expose the functionalities from our framework to ISSv2 is still missing.

6.1.3 Person Re-identification and Skeleton Tracking

In Section 1.5.3 and Section 1.5.4, we stated the scenarios of person re-identification
and skeleton tracking. From these two scenarios, we extracted requirements related
to these two functionalities. In Section 3.3, we described the design of our framework
solution demonstrating its ability to address the RelD and tracking tasks in general.

In Section 4.3.2, Section 4.3.3 and Section 4.3.4 we described an instance of our
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Figure 63: Sample result from our person re-identification application. The bounding
box in different colors represents distinct identities recognized by our solution. In
this example, the system finds two identities matched, the green box represents one
on the left and the blue box represents the other one on the right.

framework which provides the functionalities that can solve our specific person RelD
and human skeleton tracking problems. In Section 5.1 and Section 5.2, we described
the application built on top of our framework demonstrating how we use our solution
to address the problems mentioned above.

The RelD application described in Section 5.1 clearly demonstrated that it can
detect the appearance of person and match that particular individual in a pre-defined
database, which exactly fulfill FR4 and FR5 proposed in Section 1.5.3. A sample
result of skeleton tracking from our solution is depicted in Figure 63.

The skeleton tracking application that was described in Section 5.2 clearly
demonstrated that it can detect the appearances of persons and extract their skeleton
points then keep tracking them, which exactly fulfills FR6 proposed in Section 1.5.3.

A sample result of skeleton tracking from our solution is depicted in Figure 64.

6.1.4 Real-time Response

Since we want our solution to address the problem in a live artistic performance
production, real-time response is a non-functional requirement for our solution. As

explained in Section 1.5.6, we set the real-time response baseline to be 10 FPS. To
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Figure 64: Sample result from our skeleton tracking solution. Red points represent
high confidence and green points represent less confidence.

evaluate the whole system’s processing ability, we perform an experiment described

as below:

1. Create an database containing two target identities. Each of them has 3 images

captures from camera C'1.

2. Attach another camera C2 to the system and run the person RelD pipeline
which includes streaming data from the physical device, performing person

detection, person retrieval, and result visualization.

3. Measure the timestamp ¢, before the pipeline start and the timestamp after the

system process 500 frames .

500

4. Calculate the frame rate using formula fr = =

The result shown that the frame rate of our solution was 12 FPS which is slightly

higher than the real-time baseline of 10 FPS. It is worthwhile to mention, a controlled
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experiment, which only takes the data from the device and displays them one the
screen, can reach a frame rate of 22 FPS using our solution.

Furthermore, we also want to evaluate the performance strictly from the RelD
algorithm aspect which means without the time spending on data streaming and
result visualization. For doing so, using the same testing protocol, we only measured
the time spending on person detection and person retrieval. We performed the same
process 1000 times and calculated the average. For each RelD operation, it takes
about 0.066 second per image. More specifically, the person detection took about
0.051 second while the person retrieval took 0.015 second. So employing the frame
rate formula, we can obtain the algorithm’s time performance which is 15 FPS. By
analyzing the time spent on each step, we concluded that the bottleneck is the person
detection part which takes almost 3.5 more time than the time spent on the person
retrieval part. The experiments described above were conducted on a local desktop

machine, its specification can be found in Table 4, referred as setting 2.

6.1.5 Accuracy

In Section 1.5.6, we have identified a non-functional requirement for accuracy which
stated that our RelD result should be comparable to the state of the art methods.
Since there is no state of the art for the whole pipeline including person detection
and person retrieval, we have to compare each part separately.

For the person detection model, ours is 5% less than the original YOLO v3 object
detection algorithm on person category in term of mAP. The decrease of performance
is due to the fact that we reduce the training labels to become only person and non-
person which we believe it can improve the training and the whole RelD process
time. Even the accuracy decreased, but it is still a considerably good result among
the existing works. More details will be discussed in Section 6.2.1.4. For person
retrieval model, ours is ranked 9** and 7" among the state of the art approaches
on Market1501 dataset and DukeMTMC-reid dataset respectively regarding to top-1

accuracy. More details can be found in Section 6.2.2.4.
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6.1.6 Extensibility

In Section 1.5.6, by analyzing the usage scenarios described in Section 1.5. We noticed
that our solution should have extensibility as one of its non-functional requirements.
The device switch and new device addition which we just explained in Section 6.1.1
is actually a good showcase for it. Also, our skeleton tracker instance implementation
is another case. As explained in Section 4.3.4, we have a set of frozen spots defined
for skeleton tracking, they are 0ITracker, 0ITrackerFrame, 0IUser, 0IUserMap and
0ISkeleton. When we want to integrate an existing tracker or develop a new one, the
work will be just to create the corresponding hot spots, the process can be described

as the following:

1. Create a concrete subclass inherited from 0ITracker and implement all the

pure virtual methods.

2. Create a subclass of 0ITrackerFrame which is the wrapper of the data holder
classes mentioned above, link it to OITracker class within its readFrame

function.

3. Implement the logic for skeleton tracking algorithm for each coming image in

the function named update in 0ITrackerFrame.

4. Add a new string as name to indicate the appended tracker and create an entry

of it in the 0ITrackerFactory class.

What’s more, the cross-language module and pipeline module are also showcases
for extensibility. For the cross-language module, the way to add a new Python module
(can be implemented with any Python-based deep learning framework) or any Python

code-base can be described below:

1. Make a copy of your existing Python script, let’s say with name “example.py”,
and all its dependencies into the project_root/python/ folder and assume the

function we want to expose is named “func”.
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2. Create a C++ wrapper class under the project_root/src/ directory. The
wrapper class should have a member variable with type 0IPythonEnv initialized
by the file name (example.py) and target function named (func). Then create a
corresponding wrapper function, for example “wrapper_func”, for the Python

function “func”.

3. Create helper functions to translate the parameter(s) and unpack the return

value if needed.

4. In the application code, create an instance of the wrapper class that uses

“wrapper_func” as “func”.

For the pipeline module, the extensibility is reflected by the 0IFlowable interface.
Any class which can act or be expected to act as a filter (really common in a computer
vision framework) can implement it and then be pushed into a pipeline instance.
Such a filter is then independent from any other modules in the core or specialized
framework which means it will not have any side effect on the existing implementation
but just extend them. In order to create a new 0IFlowable instance, the developer
has to abide with the interface, to provide a concrete implementation of all abstract
methods and to create a compatible instance of 0IFlowContext to work with it.
Furthermore, with the pipeline module, the flow of control becomes more simple
and predictable. This enables the framework to provide more diversified processing
power and to hack into each processing step providing more useful functionality. For
example, if we have 10 kinds of person recognition algorithms and would like to know
the performance of each of those in order to select the fastest one, then we can put two
timer filters right next to the recognizer without changing the code of the recognizer
itself. This is a perfect example of OCP (open-closed principle) which means that
software entities should be open for extension, but close for modification, which is a

cornerstone of software extensibility.
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6.1.7 Usability

From Section 1.5.6, usability has also been identified as one of the non-functional
requirements of our solution. In this thesis, by usability, we have two meanings. One
is that the system is usable for our goals and applications, the other is that it should
be also user-friendly.

To prove our framework is usable, in Chapter 5, we listed all the sample
applications we provided along with our framework. These applications can serve

as proof clearly show that our framework can be used to perform the following tasks:

e Capture data from various physical devices and display them.
e Use the captured data to perform person detection in real-time.

e Use the person detection result and pre-defined database to achieve real-time

person re-identification.
e (Calibrate the connected camera sensors.
e Align the captured depth image to the corresponding color image.
e Remove background for a captured image specified by a distance threshold.
e Allow C/C++ code to communicate with Python code

e Allow the user to assemble different filters for various kinds of task flexibly.

In term of the solution can be used with ease, currently, we don’t have any
experiment to prove it yet. As an adaptation, we counted the number of application
level code we need for our scenarios. The minimum example we mention in
Section 6.1.1 shows that in just 14 lines of code we can activate the device
accessing the data and display them. Also from the person detector sample code
sample/yolo/main. cpp, we found that to enable the whole person detection pipeline
and display the result just takes 18 lines of code. What’s more, for the RelD pipeline,

using only 36 lines of code, we can query data from a device, perform the detection
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and re-identification as well as comparison with the database and display the result.
Last but not least, for advanced users who may want to integrate their custom
deep learning model the procedure is also straightforward. With our cross-language
invocation module, all you need to do just create a wrapper class then specify your
Python script name and the functions you would like to expose. The person detection
and person recognition described in Section 4.3.2 and Section 4.3.3 respectively are

good showcases of it.

6.2 Person Re-identification Evaluation

As discussed in Section 1.3, the person RelD task can be divided into three subtasks:
person detection, person tracking and person retrieval. In our solution, we have
omitted person tracking since we performed detection on each incoming frame which
has the same effect as tracking. The methods used to evaluate detection and retrieval
algorithms have already been well-defined and acknowledged within the community.
In this section, we will introduce these evaluation methods and report the results we
have obtained by applying these evaluation methods on our implementation.

Before we move to the evaluation methods, we give the details of the environment
settings we are using both for training and testing. We used two execution
environments: one is a local desktop machine and the other is the Virya cluster
provided by the faculty. The hardware specification of these two environments shown
as Table 4. We will refer to them as setting 1 and setting 2 respectively in the
following content. There is a slight difference between the software version installed

in these two environments shown as Table 5.

6.2.1 Person Detection
6.2.1.1 Intersection Over Union

In order to measure the quality of the person detector we described in Section 4.3.2,

we use the metric called “intersection over union(IOU)”. It requires a ground truth
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Setting Name | Amount Device

Memory 1 7.7 GB

1(Desktop Machine) Processor 1 Intel Core i5-3470 CPU @3.20GHz x 4
Graphics 1 GeForce GTX 1070 Ti (8GB memory)
OS N/A Ubuntu 18.04.1 LTS 64-bit
Memory 1 400 GB

. Processor 1 72-core CPU

2 (Virya Cluster) Graphics 8 Tesla V100 (32 GB memory)

(0N N/A Scientific Linux

Table 4: Environment hardware specification.

Software Setting 1 | Setting 2
Python 3.6.7 3.6.8
TensorFlow 1.12.0 1.13.1
Keras 2.2.4 2.2.4
Keras-application 1.0.6 1.0.7
Keras-preprocessing 1.0.5 1.0.9

Table 5: Environment software specification.

[l

area of overlap
10U = O overap _

area of union

Figure 65: Intersection Over Union metric for object detection. The green box
represents ground truth and the red box represents the detection result. The blue
area on top represents intersection and the one on bottom represents union.

bounding box B, and a predicted bounding box B,. By calculating the IOU metric,
we can tell the bounding box the detector produced is valid or not. IOU is formulated

as Equation 15, and can be visualized as Figure 65.

area(B, N By)
area(B, U By,)

10U = (15)

With the computed IOU result and a hyper-parameter threshold which is usually

set to 50%, 75% or 90%, we can define the following four terms to describe a detection:
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True positive, a correct detection where IOU > threshold.

False positive, a incorrect detection where IOU < threshold.

True negative, does not apply.

False negative, a ground truth not detected.

6.2.1.2 Precision-Recall Curve

By analyzing these results, the two metrics precision and recall can be used to describe
how well the model performs in two different aspects. Precision Equation 16 is a
fraction of relevant instances among the retrieved instances which can be used to
measures how accurate is your prediction. Recall Equation 17 is a fraction of relevant
instances that have been retrieved over the total amount of relevant instances. It can
be used to measure how good you find all the positives.

# true positive

reciston = 16
P # true positive + # false positive (16)

# true positive
recall =

17
# true positive + # false negative (17)

With precision and recall in hand, we can construct a Precision-Recall curve (P-R
curve) which will be used to calculate our metric. The curve construction process can

be described as the following:

1. Collect all the predictions that make for a particular class of objects. Rank

them in decreasing order according to the confidence score given by the model.
2. Compare theses predictions with ground truth to see if they are correct or not.

3. Calculate the precision and recall using the given formula for each prediction in

the ranked list from top to bottom.

An example of the P-R curve can be shown as Figure 66. Let us examine how the

precision and recall are calculated. The first row of the right-hand-side table belongs
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Rank | Result | precision | recall
o2 1 | true 1.0 0.2
08 2 true 1.0 0.4
5 3 false 0.67 0.4
g 7 1 [false |05 0.4
* e 5 false 0.4 0.4
6 true 0.5 0.6
05 7 true 0.57 0.8
04 8 false 0.5 0.8
02 03 04 05 06 0.7 08 0.9 1 9 false 0.44 0.8
Recall 10 true [05 1.0

Figure 66: An example of P-R curve. Left is the curve itself and right is the data
used to plot this curve, assuming that there is a total of five positives in the data.

to the prediction whose confidence score is the highest among all the predictions for
a particular class. From the table, we know that this prediction is true. Under the

assumption that the total number of positive results is 5, according to Equation 16

1

1 = 1.0 and precision = 1 — 0.2 We calculate the

and Equation 17, precision = =

third row using the same pattern. We already have two results (rows) before so for

2 _

the this row is: precision = £

0.67 and precision = % =0.4.

6.2.1.3 Average Precision

Since the P-R curve is often zigzag which is not easy for comparison, such as shown in
Figure 66. We may want to apply a numerical transformation that can enable a more
direct comparison. Average precision (AP) is such a metric. In general, it represents
the area under the P-R curve and can be formulated as Equation 18. Precision and
recall are always within [0, 1], so to compute AP we can do an integration of the P-R

curve within this interval.

AP = /Olp(r)dr (18)

Pinterp(r) = max p(r) (19)

r>r
Under the context of object detection, before we compute AP, for simplicity

purpose we will first smooth the zigzag P-R curve by taking the maximum precision
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Figure 67: An example of smoothed Precision-Recall curve. The orange line is the
original zigzag curve, green line is the smoothed curve.

at each recall level mathematically represented by Equation 19. After smoothing, the
curve will look like Figure 67. Then we have two kinds of AP: interpolated AP and
AP (Area Under Curve, AUC).

Interpolated AP

Starting from Pascal VOC2008 until VOC2010, an average for the 11-point
interpolated AP is calculated. We first divide the recall value into 11 points
[0.0,0.1, ..., 1.0], then we compute the average of maximum precision value for these

11 recall values. Precisely, the calculation can be shown by Equation 20.

1
AP = — > AR,

1 re{0.0,...,1.0} (20)
= ﬁ Z pz’nterp(r>
r€{0,0,...,1,0}

AP (Area Under Curve, AUC)

For later Pascal VOC2010-2012, all unique recall values are sampled, whenever the
maximum precision value drops. With such an operation, we are able to measure the
exact area under the P-R curve after the zigzags are removed. The operation can be

expressed using Equation 21.

AP =X (Tn-l-l - Tn) pimerp (Tn+1) (21)
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where

Pinterp (rn—i—l) = Fga)fz p(?/)
—'n

6.2.1.4 Experimental Result

We trained the YOLO model to become a person detector using the VOC2012 dataset
as explained in Section 4.3.2, then we perform an in-dataset validation. We randomly
sample 5823 images from the dataset as validation set which never be used for training.
In the randomly sampled validation set, we have total 4372 ground truth boxes.
During the validation time, 3950 bounding boxes have been detected while 3423 of
them have been located properly and 527 of them are wrong results, as shown in
Figure 70. The IOU threshold is set to 0.5 according to the literature’s common
knowledge. By performing the detection using our model on the validation set, we
have the Precision-Recall curve shown as Figure 68. Since we only have one class, the
mAP will be exactly the person’s AP (area under curve) which is 76.08% as shown
on the top of the figure.

For comparison purposes, we used the same model definition training on the same
dataset but with all 20 classes, the result are shown as Figure 69 and Figure 71. The
result is obtained from the same sampled validation set. The only difference is the
model used to perform the detection: one is the person detection model and the other
is the object detection model with 20 classes supported. We can clearly see that the
result from the object detection model about 5% outperforms the person detection
model. That is also explainable since the person detection treats the problem like a
binary classification problem. We only train it with person or non-person label while
the object detection model takes it as multiple classes. With a certain amount of data,
a multi-class detector can perform better than a binary detector. A straightforward
example can be the following: Imagine we have a cat binary classifier and given a
tiger image, the cat classifier may take it as a cat but if we have another well-trained
tiger/cat/dog/fish/etc classifier, then it has a good chance to classify it properly.

One more thing that needs to be mentioned is that in Section 4.3.2 we claim that

by theoretical analysis the object detection model should take more time to train.
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In our experiment with setting 2, the object detection model takes 504 minutes to
train while the person detection model takes 416 minutes to train, unlike our analysis
which is one-tenth of its object detection sibling. That is because we train our model
on a GPU. With parallel computation supported, it can perform the calculation
concurrently.

With the reduction from object detection to person detection, we even lose 5%
accuracy. It seems we can only reduce the training time and have nothing to do with
the inference time, which is actually a bad trade. However, that consideration is
not true. Arguably, if we still use the objection detector, after the detection process
we may have a large number of bounding boxes being detected. Then we need to
perform NNS to eliminate those overlapping boxes which is time consuming as well
as the non-person boxes which has linear time complexity. It is actually a trade-off
between time and accuracy. Since real-time performance is the hard constraint in our

case, we give high priority to the time instead of accuracy.

6.2.2 Person Retrieval

We test our person retrieval implementation described in Section 4.3.3 through the

following method:

1. We split all the identities we have in the dataset into two parts: One is the
training set 7" and the other is validation set V. There is no overlapping between
T and V which means TNV = (). Each identity has a certain number of images

captured from different cameras.

2. Then we take all the images corresponding to the identities in V', further
splitting them into query set () and the gallery set G. For each image in )
there must be at least one corresponding image in G that shares the same

identity label but captured from different cameras.

3. We use our trained model to extract feature descriptor f7 for all the images in

the gallery to form a database D.
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Figure 68: Person detection model’s Precision-Recall curve on validation set.
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Figure 69: Object detection (with 20 classes supported) model’s Precision-Recall
curve on validation set.
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detection-results
(5823 files and 1 detected classes)

person 527 3423
I False Positive
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0 1000 2000 3000 4000
Number of objects per class
Figure 70: Person detection result on validation set.
detection-results
(5823 files and 20 detected classes)
person 537 3671
chair 397 750
car 170 817
dog 147 651
cat 100 549
bird 85 426
bottle 95 381
aeroplane 46 367
sheep 638 330
pottedplant 109 277
motorbike 67 301
sofa 142 220
tvmonitor 57 283
horse 37 299
boat 86 248
bicycle 27 295
train 40 273
diningtable 103 200 -
cow 68 229 EEE False Positive
bus 27 253 B True Positive
(IJ lD:DU ZDIC-O 3{)'00 4{)'{}0

Number of objects per class

Figure 71: Object detection result on validation set.
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4. For each image ¢ € (), we also used the same model to extract the feature
descriptor f, then sort all the descriptors in the database according to

distance(f{, f) in increasing order.

5. We find the corresponding identities of the sorted descriptor and return them

in the same order.

Once we have the result, we can take a look into two main metrics for the person

retrieval task.

6.2.2.1 Cumulative Matching Characteristics (CMC)

Before we discuss cumulative matching characteristics, we explain two possible

settings for the dataset:

e Single-gallery-shot setting: each gallery identify has only one instance (e.g. the
CUHKO03 dataset).

e Multi-gallery-shot setting: both query and gallery identity have more than one
instance in their own dataset (e.g. the Market1501 dataset).

Consider a simple single-gallery-shot setting. For each query, the algorithm will
rank all the gallery images according to their distance to the query in increasing order,

then the CMC top-k accuracy is:

1 if top-k ranked gallery samples contain the query identity
Accy, = (22)
0 otherwise
which is a shifted step function. The final CMC curve is computed by averaging
Equation 22 over all the queries. In this thesis, we applied a new splitting method
[67] to the CUHKO3 dataset like the Market1501 and the Duke-MTMC dataset did

which originally are multi-gallery-shot setting to ensure the result is comparable.

Under this setting, the query and gallery sets could have the same camera views, but
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Figure 72: Possible result for classification problem.

for each individual query identity, their gallery samples from the same camera are

excluded.

6.2.2.2 Mean Average Precision

In order to explain the mean average precision (mAP), we will first need to introduce
several related concepts. In the classification problem, we commonly use the following
four terminologies to describe the result (even if the name is the same as the object

detection one, the meaning is different here) shown as Figure 72.

e True positive, the model correctly predicts the positive class.
e True negative, the model correctly predicts the negative class.
e False positive, the model incorrectly predicts the positive class.

e False negative, the model incorrectly predicts the negative class.

The definition of these four concepts vary between the objection detection and
RelD tasks. But the formula to calculate precision and recall remain the same
Equation 16 for precision and Equation 17 for recall. With the knowledge about
the P-R curve and AP (AUC) described in Section 6.2.1.2 and Section 6.2.1.3, we
can finally give definition to mean average precision (mAP). It is the mean of average

precision. Assuming we have N queries during the evaluation time then

AP _ folp(r)dr

AP =
m N N

(23)
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rank list 1|2 31415 ApP=1

rank list | 1 2|3 415 | AP=1

rank list 1|2 3 4|5 AP=0.71

Figure 73: Simple example for the necessity of AP. The green box represents a match
while red box means a mismatch. The CMC result for all three cases are 1, but AP
will be [1, 1, 0.71] respectively.

We apply mAP to evaluate retrieval task firstly proposed in [64]. The author
argued that in multi-gallery-shot setting, CMC cannot provide a fair comparison
between two rank lists, a simple example can be found in Figure 73. Because that,
for a RelD system, we would like to know how accurate the prediction can be, not

just the accuracy among the top k result.

6.2.2.3 Dataset

Before we go into our experiment and results, let us take a look at the publicly
available datasets in this domain. There is a total of three datasets: Market1501
[64], CUHKO3 [26] and Duke-MTMC [44], which have been employed in our
implementation. We are going to introduce their properties, shown as Table 6.
We provide an abstraction of the dataset illustrated by Figure 74 and currently

encapsulate these three for our model’s training, testing and experiment.

6.2.2.4 Experimental Result

We perform comprehensive experiments on the person re-identification task since it
is the main goal of this thesis. Let us walk through them one by one. In order to
give the reader with a sense of how well our model perform, we provide the state-of-

the-art result obtained from two common datasets shown as Table 7 and Table 8. By
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H dataset  subset # pids # images # cameras H

train 751 12936 6

Market1501 query 750 3368 6
gallery 751 15913 6

train 767 7368 2

CUHKO03-NP query 700 1400 2
gallery 700 0327 2

train 702 16522 8

Duke-MTMC query 702 2228 8
gallery 1110 17661 8

Table 6: Statistic for three popular RelD datasets

m get_imagedata_info(self, data)
m get_videodata_info(self, data, return_tracklet_stats=False)
m print_dataset_statistics(self)

I

© data.dataset.base: Dataset ‘

€ data.dataset.bases.BaseDataset

m print_dataset_statistics(self, train, query, gallery)

f f 1

€ data.dataset.cuhk03.CUHK03 € data.dataset.market1501.Market1501 € data.dataset.dukemtmcreid.DukeMTMCrelD

m _init__(self, root="./datasets', verbose=True, **kwargs) m _init__(self, root="./datasets’, verbose=True, **kwargs) m __init__(self, root=", , verbose=True, **kwargs)
m _check_before_run(self) m _check_before_run(self) m _check_before_run(self)

m _process_dir(self, dir_path, relabel=False) m _process_dir(self, dir_path, relabel=False) m _process_dir(self, dir_path, relabel=False)

Figure 74: UML class diagram of RelD dataset abstraction

Rank Method CMC | mAP | Year
1 Auto-RelD 95.4 94.2 2019
2 DG-Net(RK) 95.4 92.49 | 2019
Parameter-Free
3 Spatial Attention 4T T 2018
4 MGN 95.7 86.9 2018
6 DG-Net 94.8 86.0 2019
6 OSNet, 94.8 84.9 2019
7 PCB + RPP 93.8 81.6 2017
8 PCB 92.3 77.4 2017
9 GLAD* 89.9 73.9 2017
10 Incremental Learning | 89.3 71.8 2018

Table 7: State of the art result on Market1501 dataset [4].
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Rank Method CMC | mAP | Year
1 Auto-RelD 91.4 89.2 2019
2 DG-Net(RK) 90.26 | 88.31 | 2019
Parameter-Free
3 Spatial Attention 89.0 859 2018
4 MGN 88.7 78.4 2018
6 DG-Net 86.6 74.8 2019
6 OSNet 88.6 73.5 2019
7 PCB (RPP) 83.3 69.2 2017
8 PCB (UP) 81.8 66.1 2017
9 SVDNet 4+ Random Erasing | 79.3 62.4 2017
10 Incremental Learning 80.0 60.2 2018

Table 8: State of the art result on DukeMCMT-reid dataset [3].

observing these two tables, we find that all the results from Market1501 are better
than that from DukeMCMT-reid which indicates the former dataset is in a sense
easier than the latter.

Comparison between two different triplet loss functions: As mentioned
in [23], there are two kinds of triplet loss functions Equation 5 and Equation 4. We
do a comparison between these two loss functions and train the model with setting
2 on the Market1501 dataset, the validation results can be summarized as Table 9.
Surprisingly, triplet all loss perform better than triplet hard loss. That is in contrast
with the result reported by [23]. So far, we don’t have a sound explanation for
it. Our guess is that it may be caused by the implementation where the paper’s
implementation is in Pytorch and ours is in TensorFlow. During the training CMC
and mAP metrics, both got improved with time increasing which perform as our
expectation. And the trend becomes more and more stable when the training time
goes up.

Comparison between two environment settings: We also trained the model
in two different settings in the same Market1501 dataset. The result are expressed
in Table 10. Obviously, with the more powerful hardware in setting 2, the training
time is much less than it on setting 1. Also, as we can see the results obtained from
the same loss function are almost identical. The difference is limited to 0.001 which

is under expectation. In such a computation task we cannot guarantee the result will
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Triplet Loss | Epoch No. CMC (top 5) mAP
40 | [0.808, 0.877, 0.902, 0.902, 0.931] | 0.597

triplet all 80 | [0.898, 0.932, 0.949, 0.962, 0.966] | 0.755
120 | [0.904, 0.941, 0.952, 0.964, 0.969] | 0.769

40 | [0.803, 0.871, 0.903, 0.920, 0.930] | 0.602

triplet hard 80 | [0.868, 0.921, 0.945, 0.955, 0.962] | 0.704
120 | [0.878, 0.924, 0.946, 0.955, 0.963] | 0.715

Table 9: Validation result on the model trained with Market1501 dataset guided by
two different loss functions.

Triplet Loss Metric Setting 1 Setting 2
CMC (top 2) | [0.904, 0.947] | [0.904, 0.941]
triplet all mAP 0.774 0.769
trammg time 244 133
(min)
CMC (top 2) | [0.871, 0.923] | [0.878, 0.924]
triplet hard mAP 0.705 0.709
trammg time 937 134
(min)

Table 10: Training result with two different settings on the same Market1501 dataset.

be exactly the same.

Comparison between the results obtained with the same dataset
validation: As we mentioned in Section 6.2.2.3, we have an abstraction layer of
the RelD dataset which enables us to train on various datasets with only a few
modification (actually just passing different parameters). By making use of it, we
perform training and validation on three different datasets with setting 2. We
obtained the results shown by Table 11. From the results, we found that the
performance on the CUHKO03 dataset is poor. We thought that might be due to lesser
training samples for the identity from distinct cameras (it has total two cameras only).
And for the other two, since Market1501 is a little be easier than the DukeMTMC-
relD dataset, the result we have currently is under expectation.

Comparison between results obtained from cross-dataset validation:
Generalization is used to describe how well a model can handle an unseen style

of data. In order to test the generalization capability of our models, we perform

a cross-dataset validation experiment which means we train the model on datasetl
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Dataset \Metrics CMC (top 5) mAP
Market1501 | [0.904, 0.941, 0.952, 0.964, 0.969] | 0.769
CUHKO03 | [0.502, 0.586, 0.641, 0.683, 0.721] | 0.500
DukeMTMC-relID | [0.840, 0.884, 0.904, 0.919, 0.926] | 0.704

Table 11: Training and validation result on three different datasets with ID and triplet
all loss on setting 2.

Metrics / Dataset M — D D-M
CMC | [0.272, 0.339, 0.379, 0.404, 0.420] | [0.474, 0.548, 0.587, 0.618, 0.643]
mAP 0.150 0.211

Table 12: Cross-dataset validation result between Market1501 and DukeMTMC-relD
dataset on setting 2. M — D represents the model trained on Market1501 dataset
and tested on DukeMTMC-relD dataset.

then test it on dataset2. Since we have already found that the model trained with the
CUHKO3 dataset perform poor on this task from the previous comparison, we don’t
take it into consideration. The cross-dataset validation result is shown as Table 12
with the Market1501 and DukeMTMC-relD datasets. From the table, we found that
the model trained on DukeMTMC-relD dataset can obtain a better generalization

ability.

6.3 Summary

In this chapter, we described the evaluation methods we employed to examine the
framework solution we proposed in Chapter 3 and Chapter 4. We first evaluated our
two main models for person detection and person retrieval respectively with commonly
used metrics in their domain, then we examined our framework by showing cases to
prove that it meets the requirements we proposed in Section 1.5. In the next chapter,
we will summarize our work, acknowledge the limitations we have and point out some

potential research paths that can be done in the future.
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Chapter 7

Conclusion and Future Work

In this chapter, we summarize what we have done within this thesis, and acknowledge
the known limitations we have currently. At the end, we point out some potential

research paths for other researchers who would like to follow up on our work.

7.1 Conclusion

In this thesis, we proposed a solution that can provide an abstract layer for various
kinds of depth cameras and the functionality of tracking the same person across
multiple cameras achieving the goal we set up in Section 1.4. The solution was
designed and implemented in a software framework manner, since the key features of
a framework perfectly fit to our need as explained in Section 3.1. Precisely, it contains
a core framework which serves as infrastructure and three specialized frameworks for
the detection, recognition and tracking tasks in general.

Within the framework’s core, we provided modules for device abstraction, cross-
language invocation, pipeline execution, framework-level common data structure and
result visualization. As mentioned in Section 3.2, the device abstraction currently
supports accessing data via a common API for three different kinds of cameras, Kinect
vl, Kinect v2 and RealSense D435. The cross-language module allows the programs
written in C/C++ to communicate with the one written in Python which is a common

case for deep learning-based algorithms. The pipeline module enables the inversion
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of control feature of our framework freeing the application developer from handling
the complex but useless intermediate results. The common data structure defines
the data format exchanged within the framework while the viewer module provides
visualized results for the users.

For our specific demand, we instantiated the general detector, recognizer and
tracker for person detection, person recognition and skeleton tracking tasks. For
the detector instantiation described in Section 4.3.2, we re-trained the YOLO v3
network, reducing its scope from object detection to person detection achieving 76%
mAP. For the person recognizer instantiation described in Section 4.3.3, we combined
the identification model with the triplet model employing a ResNet-50 as backbone
network to train a model achieving 90% top-1 accuracy. For the skeleton tracker
instantiation described in Section 4.3.4, we ported the implementation from NiTE2
to our solution which can perform skeleton tracking in real-time without the use of a
GPU.

To prove that our solution can satisfy the proposed scenarios listed in Section 1.5,
we created concrete applications employing our framework instance in Chapter 5
and evaluated them in both the framework design and algorithm performance
aspects. The result shown that all the requirements were fulfilled. In the context
of performance, our solution, while keeping the real-time response requirement, can
still achieve a comparable performance among the currently available approaches.
The person detector is only 6% less than the original YOLO v3 in mAP metric and
the person RelD model is ranked 9** among all existing methods in the context of

CMC and mAP metrics, more details were stated in Section 6.2.

7.2 Limitations

Even though the proposed solution in this thesis reach the goal we setup in Section 1.4
and fulfill the requirement we listed in Section 1.5, we have to admit that there are

still a few limitations that currently exist in our solution:

e Our solution currently has not been tested with a real show yet.
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Our RelD application currently requires us to prepare an image database in
advance and put them under a specific directory. There is no interface for the

user to capture a database image on-the-fly.

Our green screen application currently requires the user to select the filtering
distance. Since we already have skeleton tracking, if we can combine them
together we actually can achieve the green screen functionality automatically

by making use of the depth values we get from the joint pixels.

Our camera calibration application now can only calibrate color images, but
most of the depth sensor have an IR camera. Since the image captured by the
IR cameras is too bright, the corner detector cannot find the target easily. We
should either add a pre-processing step in order to get a usable image or create
different methods to calibrate the IR camera because the intrinsic and extrinsic

matrices are useful for image alignment.

Our current skeleton tracking application is based on a third-party library, we
don’t have skeleton extraction algorithm based on our framework’s common
data structure yet. It will restrict us that the skeleton tracking application can

only apply to a subset of cameras which is not our original goal.

Our current RelD model is mostly based on the appearance of the detected
person. With such a model, it can work fine on a normal environment. But when
put under some special environments like no or only dim lighting or tracking

object which moves in a high speed, our model may likely fail.

Our ReID model is currently trained on a single dataset which is minimally
acceptable in order to measure our performance in an academic research context.
But for real-life production we would need to focus on the performance by

training the model on multiple datasets jointly to learn more generic features.

Our framework requires a lot of dependencies, the environment configuration
process for the framework developer is currently a little bit painful. We may

need to develop some tools or scripts to help with the configuration.
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7.3 Future Work

The research presented in this thesis constitutes a starting point for the OpenlSS
framework. The final goal is to make it can not only support our real-time
performance production but also that it can serve as a research platform for people in
computer vision, pattern recognition, deep learning and game development. Below,
we list some additional features that we are working on or plan to work on.

Java API wrapper: As discuss in Section 4.1, our framework was written in
C/C++, but our production ISSv2 was written in Java and on top of the Processing
visual arts toolbox. In order to use OpenlSS as the new back-end, we have to provide
a Java wrapper for our APIs. This work is ongoing and partially done by our labmates
Yuhao Mao, Jashanjot Singh and Chao Wang.

More devices support: At this moment, we only support three kinds of devices.
But we always keep our eyes on the market, recently the new version of Kinect named
Azure Kinect has been released, as well as two new cameras named D435i and T265
from RealSense. At the same time, RealSense also include OpenNI2 into their SDK
which enable us to apply our skeleton tracking implementation described in 7?7 on all
the RealSense cameras.

Comparison platform: One of our goal is to make OpenlISS to serve as an
algorithms comparison framework which defines a group of metrics for various research
problem accordingly and enables the users to compare different algorithms under the
a single controlled environment. Currently, we have the CMC and mAP metrics for
the RelD task, we already achieved cross-datasets validation. We still plan to add
more support for other tasks.

Full-platform support: Currently, our framework only works with Linux
(Ubuntu distribution) and MacOS (without GPUs features, that is due to the
hardware and their drivers limitation). We plan to add full support for Windows
since it still the most popular OS in the world and most of our dependencies can be
ported to it now.

Auto installation: The installation process our the framework currently is
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manually and a little bit tricky. Some efforts have been made to automate the
installations, but only for the Ubuntu System. We plan to script the installation
process in CMake to enable dependencies downloading, building and installing
automatically for all platforms.

Test with a real artistic show: Our solution currently has not been tested
with a real live artistic show yet, we would like to integrate our solution with a real

show to see how well it can perform during the performance.
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