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Abstract

This thesis presents a real-time multi-face tracking system, which is able to track multiple

faces for live videos, broadcast, real-time conference recording, etc. The real-time output

is one of the most significant advantages. Our proposed tracking system is comprised

of three parts: face detection, feature extraction and tracking. We deploy a three-layer

Convolutional Neural Network (CNN) to detect a face, a one-layer CNN to extract the

features of a detected face and a shallow network for face tracking based on the extracted

feature maps of the face.

The performance of our multi-face tracking system enables the tracker to run in

real-time without any on-line training. This algorithm does not need to change any

parameters according to different input video conditions, and the runtime cost will not

be affected significantly by an the increase in the number of faces being tracked. In

addition, our proposed tracker can overcome most of the generally difficult tracking

conditions which include video containing a camera cut, face occlusion, false positive face

detection, false negative face detection, e.g. due to faces at the image boundary or faces

shown in profile. We use two commonly used metrics to evaluate the performance of our

multi-face tracking system demonstrating that our system achieves accurate results. Our

multi-face tracker achieves an average runtime cost around 0.035s with GPU acceleration

and this runtime cost is close to stable even if the number of tracked faces increases. All

the evaluation results and comparisons are tested with four commonly used video data

sets.
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Glossary of terms

• Non-Maximum Suppression (NMS)

In object detection, NMS is used to transform a smooth response map that triggers

many imprecise object window hypotheses in, ideally, a single bounding-box for

each detected object.

• Principal Component Analysis (PCA)

A statistical procedure that uses an orthogonal transformation to convert a set of

observations of possibly correlated variables into a set of values of linearly uncorre-

lated variables called principal components. The number of principal components

is less than or equal to the number of original variables [22].

• Intersection over Union (IoU)

The Jaccard index is also known as Intersection over Union and is related to the

Jaccard similarity coefficient. Computing the Intersection of Union is as simple as

dividing the area of overlap between the bounding boxes by the area of union. The

Jaccard coefficient measures similarity between finite sample sets, and is defined as

the size of the intersection divided by the size of the union of the sample sets.

• Intersection over Maximum (IoM)

Intersection over Maximum (IoM), it is similar to IoU to calculate the similarity

between two sample sets, and is defined as the size of the intersection divided by

the size of the max one of the sample sets.

• Support Vector Machines (SVMs)

SVMs are supervised learning models with associated learning algorithms that

analyze data and recognize patterns, used for classification and regression analysis.

Given a set of training examples, each marked as belonging to one of two categories,
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an SVM training algorithm builds a model that assigns new examples into one

category or the other, making it a non-probabilistic binary linear classifier [17].

• Facial landmarks

Facial landmarks are a set of key points on human face images. These points are

defined by their real coordinates (x,y). Facial landmark detection is an example of

structured output problem which aims at predicting a geometric shape induced by

an input face image. It plays an important role in face recognition and analysis [7].

• Face tracklet (tracker output)

A face tracklet is a section of a 2D trajectory of faces over time in the video.
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Chapter 1

Introduction

1.1 Motivation of the problem

With the rapid development in Computer Vision, many techniques have been researched

and developed; moreover some of these techniques have already been adopted and de-

ployed in production in di�erent industries. A multi-face tracker is a widely needed tech-

nique in many situations, such as recording conference meetings, colloquium recording,

live broadcast controller, etc. There is a very high demand for controlling the camera

automatically by tracking the main speakers in many products. Our research in this

thesis is motivated by the real world demand for a real-time multi-face tracker.

Even the most up-to-date multi-face tracking algorithms [77, 19, 43, 78, 64, 84, 66]
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are limited to not running in real time, low tracking accuracy, using part of testing video

frame to train the network (which is not able to achieve real-time output), requiring

pre-tunning the tracking parameters when applying on di�erent types of videos, etc.

Until now, a more accurate multi-face tracking algorithm introduced by Wu et al. [77]

executes in two steps which cannot run at the same time. The �rst step is collecting all

the faces in the video, and the second step is linking similar faces. Although this method

achieves a high tracking accuracy, the algorithm itself is not applicable to live video or

real-time broadcast. Another multi-face tracker presented by Le et al. [43] is limited by

using part of the testing video to train the multi-face tracker to acquire accurate tracking

results. This tracker's highly accurate results are relying on pre-training the frames in

the video which will be tested afterwards. As of today, the tracker by Le et al. [43] is

fast at a speed of 6 - 7 fps on average. However, it is still far below the standard of

running multi-face tracking in real time. Runtime stability is another evaluation criteria

for multi-face trackers. There is a tracker published by Shi et al. [66] that can achieve a

speed of around 50ms per frame. However, this speed is only for tracking one face in the

video, and the tracker exceeds 150ms per frame for tracking 4 people at the same time.

This tracker's [66] speed, according to the �gure shown in the paper, increases almost

linearly with respect to the number of faces in the video. The diagram Shi et al. presents

in the paper [66] shows that the runtime cost is around 300ms per frame for tracking 9

faces in the video.

The main challenges for multi-face trackers are camera cuts, face occlusions, false

positive detections and false negative detections. These situations result in the tracker

linking the faces with incorrect labels, which directly reduce the accuracy. Unfortunately

wrongly matched labels cannot be easily corrected afterwards. Tracking a person's pro�le

rather than a frontal view of a face is another challenge. Results of up-to-date multi-face

trackers show that the number of tracked pro�le faces is small. This means that the

tracker requires the face to be directly facing towards the camera, and it will fail as the

face turns moderately away from the camera. The pro�le tracking accuracy is directly

in�uenced by the face detector results.

We have developed a real-time multi-face tracker based on Convolutional Neural
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Networks (CNNs). There are three parts comprising of our multi-face tracker: face

detection, feature extraction and the tracker. In our multi-face tracking system, we

adopt the Multi-task Cascaded Convolutional Networks (MTCNN) face detector [83],

which contributes to our multi-face tracker performance after good training. In order to

ensure our tracker is able to run in real time, we use a Convolutional Neural Network

(CNN) to extract all the detected face feature maps. After acquiring the feature maps

once at the beginning of the tracking step, it is possible to design a very shallow neural

network to decide if two face patches match. For tracking, in order to make sure the

runtime cost is less than 40ms per frame, based on the extracted feature maps, we design

three very shallow neural networks which contain one layer, two layers and three layers,

respectively. Three layers are the maximum depth of the neural network that we have

considered while making sure our system runs in real time. Our tracker is nearly stable

in runtime cost for tracking up to at least 10 people. Typically, this stability will only be

in�uenced by tracking a very large number of people (e.g., 39 in the example in Chapter

4) at the same time.

Based on the standard evaluation matrics [32, 9], our multi-face tracker yields very

competitive results compared with other recent multi-face tracking algorithms.

1.2 Thesis statement

Convolutional Neural Networks are an e�ective method to extract object features and to

classify objects. In our thesis research, we use CNNs to detect human faces, extract faces'

feature maps and track the moving faces using the feature maps. In order to simplify our

multi-face tracking system process, we separate the extraction process of the features for

the tracking from the actual tracking. Hence, our proposed multi-face tracking method

can run in real time with a high accuracy. We present three tracker combinations with

three di�erent network designs. The average runtime cost for commonly used test video

[55] are 0.03480s, 0.03541s and 0.03530s for each frame respectively. The average results

of Multiple Object Tracker Accuracy (MOTA) based on the test videos [55] are 98.69%,

98.72% and 98.69% for these three combinations. The runtime cost is stable when the
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number of people being tracked varies slightly. Our proposed method does not require

pre-training on the test video. As a result, our multi-face tracker can be applied to live

broadcasting, real-time conference recording or live videos tracking.

1.3 Objectives

The objectives of our thesis include:

� Design and implementation of a real-time multi-face tracker. Since accurate pub-

lished multi-face trackers hardly achieve running in real time, this is a multi-face

tracking combining accuracy and running e�ciency.

� A new method is proposed for multi-face tracking that matches faces based on a

shallow neural network. The shallow network design reduces runtime cost with

features extracted in advance by a separate CNN, and as the detector is also real-

time enables system to run in real time.

� Training of the neural network tracking classi�er responsible for face matching

is using feature maps instead of cropped images. The use of these separately

calculated feature maps avoids repeating the feature map extraction step and speeds

up the training process.

We used C++ and Convolutional Architecture for Fast Feature Embedding(Ca�e) [36]

library for the CNNs and the OpenCV library [33] for image processing implementation.

1.4 Thesis outline

The thesis is organized as follows:

� Chapter 2 presents background and related work. The analysis of current multi-face

trackers is given from di�erent aspects: runtime e�ciency, evaluation and restric-

tion of each up-to-date multi-face tracking algorithm. The evaluation methods are

introduced in this chapter.
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� Chapter 3 describes the methodology and the design of our multi-face tracker in

detail.

� Chapter 4 provides the results of our multi-face tracker using two commonly used

but di�erent evaluation metrics. The comparisons with other multi-face tracking

algorithms are shown in this chapter according to the evaluation metrics as well as

examples from our tracking results.

� Chapter 5 concludes with the advantages and limitation of this research. Future

work is also discussed.

5



Chapter 2

Related Work

Our work is a real-time multi-face tracking system based on CNNs, which is therefore

directly related to CNN development in computer vision, feature extraction methods, face

detection and face tracking. In this chapter, we will provide an overview of these topics.

Section 2.1 brie�y introduces CNNs; in Section 2.2, we review several feature extraction

methods; as face detection and face tracking are both essentially classi�cation problems,

we also discuss several di�erent classi�ers in Section 2.3. Some popular face detection

methods and current face tracking developments are presented in Section 2.4 and Section

2.5, respectively. Finally, in Section 2.6, we introduce commonly used evaluation criteria

for multi-face tracking tasks. A summary of this chapter is given in Section 2.7.
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2.1 Convolutional Neural Networks

Neural networks have been studied since the middle of the last century [71] and has

experienced a surge in development at the end of the last century. Neural networks are

a widely used method to implement deep learning.

A neural network is a hierarchical model inspired by the structure of the brain. A

network consists of a series of nodes connected according to certain rules [44]. A simple

feed-forward neural network can consist of only three layers [23], these are: the input

layer, the hidden layer, and the output layer, it is to be noted that, the external input

and the output are not directly related. The nodes between two adjacent layers are

connected by directed edges. Each of these edges corresponds to a weighted value.

The two most obvious characteristics of neural networks are the introduction of non-

linear activation functions and the use of a nested design between net layers. This allows

it to represent a highly non-linear (relative to input) function. Thus neural networks

have a strong modeling capability for complex data patterns [44]. In 2006, Hinton et

al. [30] published"Reducing the Dimensionality of Data with Neural Networks"in the

journal Science. This work provided an e�ective solution for deep network learning which

involved using an unsupervised learning process to pre-train the network layer by layer.

Neural networks have developed into many types. A commonly used neural network is

the CNN. The most signi�cant feature of a CNN is the introduction of the convolutional

operation and weight sharing. Given the characteristics, a CNN has a good performance

on problems where the input is not numbers but images. The convolutional operation

replaces the full connection of the feed-forward network [6] with local connections, and

the weight of the connections between the di�erent layers is shared [6]. When applying

a convolution kernel onto an image, the convolution kernel looks as though it is an

observation window at the detection time which gradually moves from the upper left

corner of the image to the bottom right corner. Each position corresponds to an output

node (each pixel point on the image corresponds to an input node). Speci�cally, the

weights of di�erent output nodes corresponding to the same input nodes are the same

[44]. That is weight sharing.
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In the �eld of image processing, CNNs have been used very successfully on the Ima-

geNet data set [76]. The ImageNet data set contains more than ten million images which

are classi�ed into one thousand categories by hand-annotation. The annual ImageNet

Large Scale Visual Recognition Challenge (ILSVRC) has become a competition of object

detection and object recognition. Compared to traditional image processing algorithms,

one of the advantages of CNNs is avoiding the design of hand-crafted features according

to the researchers. Using a CNN, one can directly enter the original image [15] and

extract the object feature maps automatically.

CNNs were introduced by Y. LeCun [44], a well-known machine learning researcher at

the end of the last century. He initially applied CNNs to the recognition of handwritten

numbers. CNN's wide applications in the �eld of computer vision became apparent after

the success of AlexNet in the general image classi�cation task in 2012 [14].

A classic Convolutional Neural Network design is shown in Figure 2.1.

Figure 2.1: Convolutional Neural Network architecture [46].

A typical Convolutional Neural Network has the following major layers [44, 15]:

Data layer

First the data layer, which is also called the image processing layer. This layer is re-

sponsible for optional pre-processing and �ltering. In face detection, the data layer will

process the raw pixel values of the input images.
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Convolution layer

The convolution layer is the sliding window calculation result of the input layer and each

convolution kernel. Each parameter of the convolution kernel is equivalent to the weight

parameters of a traditional neural network and connects to the corresponding local pixels.

The sum of multiplying the parameters of the convolution kernel and the corresponding

local pixel values (usually plus a bias parameter) is the result of the convolution layer.

Figure 2.2 reveals this layer's working mechanism of a 3 x 3 kernel applied to a 4 x 4

image to gain a 2 x 2 output result. Each step calculation formula is shown in Formula

2.1, 2.2, 2.3 and 2.4.

Figure 2.2: Convolution layer calculation process [42].

Outout(1; 1) = 1 � 1 + 0 � 1 + 1 � 1 + 0 � 0 + 1 � 1 + 0 � 1 + 1 � 0 + 0 � 0 + 1 � 1 = 4: (2.1)

Outout(1; 2) = 1 � 1 + 0 � 1 + 1 � 0 + 0 � 1 + 1 � 1 + 0 � 1 + 1 � 0 + 0 � 1 + 1 � 1 = 3: (2.2)
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Outout(2; 1) = 1 � 0 + 0 � 1 + 1 � 1 + 0 � 0 + 1 � 0 + 0 � 1 + 1 � 0 + 0 � 0 + 1 � 1 = 2: (2.3)

Outout(1; 1) = 1 � 1 + 0 � 1 + 1 � 1 + 0 � 0 + 1 � 1 + 0 � 1 + 1 � 0 + 0 � 1 + 1 � 1 = 4: (2.4)

Pooling layer

After obtaining the features of the image through the convolution layer, in theory we

can directly use these features to train the classi�er. Though it is a big computational

challenge, and prone to the so-called over-�tting phenomenon. Over-�tting typically

happens when the error on the training set is driven to a small value, but when new data

is presented to the network the error is large. The network has memorized the training

examples, however, it has not yet learned to generalize to new situations. In order to

further reduce the network training parameters and the degree of the over-�tting of the

model, we will be sampling (Pooling) convolution layer outputs. Pooling/sampling is

usually done in the following two ways:

1 Max-Pooling:

Select the maximum value in the pooling window as the sample value; or

2 Mean-Pooling:

Sum all the values in the pooling window and take the average as the sample value.

Max-Pooling is helpful to reduce the estimated value o�sets resulting from convolu-

tional layer di�erence error and keeps more image texture information compared with

Mean-Pooling, so we use Max-Pooling in our system.

Activation layer

The commonly used activation functions are sigmoid, hyperbolic tangent and Recti�ed

Linear Units (ReLU). In our work, we deploy ReLU for all the activation layers, because

the lower computational cost of activation function in the back propagation gradient
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derivation is lower with ReLU than with the sigmoid function [27]. The ReLU [35,

26] layer involves the ReLU function in the CNN implementation. This is used to add

non-linear factors because the linear model's expression is not su�cient to calculate

complicated features. The ReLU function is shown in Formula 2.5.

f (z) = max(z;0) (2.5)

Fully connected layer

The fully connected layer is also called inner product layer. That is equivalent to a classi-

�er in the network, which calculates the class scores corresponding to output categories.

Dropout layer

Dropout layer was proposed by G. E. Hinton et al. [31] in 2012. When training a neural

network model, if the training sample is limited, a Dropout layer can be added in order

to prevent the model from over-�tting. During training, the dropout layer can stop half

of the feature detector from working which can improve the generalization of the network

capacity. However, in our system, we do not use Dropout layer.

2.2 Feature Extraction

Feature extraction can be regarded as the description of images in image processing

applications [58]. The machine is only able to recognize a limited amount of the data,

as well as process these data, the feature extraction is a process converting images to

feature vectors, which can then be further analyzed by a machine.

Before deep learning technologies have been widely used in image processing (and

face detection), empirical feature extraction methods were typically used.
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2.2.1 Empirical features for face detection

Haar-like features

Haar-like Features [72] reveal light and dark relations among local areas for distinguishing

face and non-face, as shown in Figure 2.3. For example, an eye area would be darker

than the cheek area, which can be shown by the Haar feature. However, because it is a

complex calculation of local area pixel gray value sums to obtain the Haar feature, Viola

and Jones [73] introduced the integral plot to speed up Haar feature extraction in the

so-called VJ detector. The integral plot is the same size as the input image but stores the

gray value sums at the current point of all the integers within the rectangle consisting

of the upper left corner point and the current point in the image, instead of storing each

point's gray value.

There are two advantages of the integral plot, one is that it reduces the calculation of

local area pixel gray value sum into only four steps, these four steps are not a�ected by

the area size. Another one is that integral plot avoids repeated summation on the same

pixel point. The integral plot signi�cantly increases the speed of Haar feature extraction,

and makes fast detection possible.

Haar-like feature improvement

Although Haar features can reveal and describe some facial features, considering the

complexity of face detection under varied conditions, these Haar feature models are still

too simple. So, there are various improvements of feature extraction based on Haar [49,

60]:

1 Circular black-white division mode replaced vertical direction mode and horizontal

direction mode, as shown in Figure 2.3.

2 Rotated Haar feature that rotates part of the extracted Haar feature 45 degree

clockwise or counter clockwise.

3 Separated Haar feature, that calculates one Haar feature from multiple separated

black and white areas, instead of certain black and white areas from the same
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rectangle.

4 Combined Haar feature that combines di�erent Haar features or get the Haar fea-

tures into a binary coding.

5 Weighted multiple channel Haar feature that uses di�erent colors and shapes in-

stead of only black and white.

Figure 2.3: (c
 2017 IEEE) Haar feature representation [72]

Sparse granularity feature

The Haar-like features are linear combination of local area pixel values. Sparse granular-

ity feature is a combination with uncertain parameters, which allows the user to adjust

the Haar features as needs. Huang et al. [32] describes a Sparse Granularity Feature that

linearly combines features of di�erent sizes and locations. This is also known as a linear

feature whose parameters can be learned and modi�ed according to training samples,

which is similar to a classi�er parameter learning process.
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LBP

In 2006, Ahonen et al. [4] introduced Local binary patterns (LBP). The LBP is a binary

feature that calculates directly from pixel gray values. LBP features are faster to calculate

than Haar features, however, Haar features can better distinguish face windows from

non-face windows [37].

SIFT

The Scale Invariant Feature Transform (SIFT) [56] is a well-known algorithm in computer

vision. It is mainly used to detect local features in images by looking at the information

such as extreme points, positions, scale and rotation of these feature points in the image.

Its application range includes object identi�cation, robot map perception and navigation,

image stitching, 3D model acquisition, gesture recognition, image tracking and action

comparison. The description and detection of local image features can help to identify

objects, and SIFT features are independent of size and rotation of the image, but based

on some of the local appearance interest points on the object. It has a high tolerance for

light, noise and direction changes.

SURF

In 2006, Herbert et al. [5] released the speeded up robust features (SURF) method.

SURF is a similar feature method to Haar feature. SURF is more complex than Haar

features and requires more execution time, but it can express image properties better

with smaller numbers of features.

HOG

In 2005, Navneet et al. [18] presented a feature method called Histogram of Oriented

Gradients (HOG). HOG features are also a type of feature extraction based on gradients.

HOG features calculate gradients of di�erent directions in a local area, and represents

this area using a histogram of gradients. One HOG feature sample is shown in Figure

2.4.
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Figure 2.4: HOG feature representation [18]

In the past decades, many feature extraction methods were introduced. We just

mentioned some representative ones above as examples. These features are all hand-

crafted features, which could re�ect the design ideas of the creators.

2.2.2 Deep features

Feature extraction is important area of research in computer vision but it also has an

important role in the �eld of machine learning. In fact, deep learning became a hot

topic at the beginning of 2006 [29, 8, 62], when an unsupervised learning procedure was

introduced which could produce layers of feature detectors without requiring labeled data

[45]. This development accelerates the study of feature extraction.

In our work, both face detection and face tracking rely on the features extracted by

a deep learning method. In Chapter 3, we introduce more details about deep feature

extraction.

2.3 Classi�ers

A classi�er performs a series of mathematical calculations based on the input in form of a

feature vector. The categories will be the outputs of a classi�er. Each category is usually
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mapped to a numerical code, which is called the tag of this category. For example, in

the face detection process, the face category could be coded as 1, and non-face category

0. A classi�er is a function transferring feature vectors to category tags.

If the feature vector classi�er is function f(x), then there is

x = ( x1; x2; x3; :::; xn ); (2.6)

f (x) =

8
<

:
1;

P n
i =1 wi x i > threshold

0; otherwise:
(2.7)

Here, the w is the weights of this classi�er and the threshold decides the classi�er

output by the feature vector x. However, this is a very simple classi�cation equation.

Thresholding is the simplest way to decide the class. How to select parameters, such as

the threshold of face con�dence score in our face detection, is an essential part of creating

a classi�er.

In our face detection, classi�ers are used to judge whether an image window belongs

to the category face or not. At the beginning of the learning process, we set an initial

value for the parameters of the classi�ers, and then let the classi�ers, according to the

training data, continue to adjust the values of their own parameters to narrow the gap

of actual classi�cation result and known ground truth. Finally, when the classi�ers have

reached the pre-set target, or the classi�ers have no way to continue to adjust, then the

learning process stops. After that we can examine the accuracy of the classi�er in the

test set, which is the basis measurement we judge the classi�er according to. A similar

process is used for the classi�ers in our face tracking.
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2.4 Face detector

2.4.1 Viola-Jones face detector

A technical breakthrough in face detection happened in 2001, Viola and Jones [73] de-

signed a fast and accurate face detector, which was approximately 100 times faster than

any other face detection technology at that time. This face detector is often called

Viola-Jones face detector, or VJ detector.

There are three main factors in making the VJ detector successful: fast feature cal-

culation (integral plot) [73], an e�cient classi�er learning method (AdaBoost) [73] and

an e�ective classi�cation method (cascade structure design). The VJ face detector uses

Haar features to describe each candidate window.

Applying a face detector directly to a complete image can result in a lengthy face

detection process. Therefore, the VJ detector adopts a cascade structure which can

quickly exclude most of the windows according to coarse detection at �rst, and carefully

classi�es the remaining windows to reduce the amount of time required.

The VJ detector combines multiple classi�ers together, whose complexity and time

cost are increasing with the order of application. For a given window, in the VJ detector,

it will �rst go through the simpler classi�ers of VJ detector structure, and then go

further to the more complex classi�ers if it is classi�ed as face window by the simpler

classi�ers. This process does not stop until the window is excluded by some classi�er or

judged as a face window. This design reduces the number of windows with each classi�er

and excludes most non-face windows at the very beginning to reduce the runtime cost.

Adjusting classi�er complexity according to classifying di�culty level is e�cient. The

VJ detector, which uses the integral plot, AdaBoost and cascade methods, impacts face

detection strategies in general beyond the speci�c VJ detector. The face detector we

employ in our multi-face tracking system also refers to the cascade structure to improve

running time e�ciency and accuracy.

The VJ face detector is widely used in many face trackers. The integral plot, Ad-

aBoost, the cascade structure and the Haar features to help improve the accuracy and
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running time, however, compared with face detectors employing deep learning techniques,

the VJ face detector is not competitive in terms of accuracy [34]. We do not use the VJ

detector in our face tracking system.

2.4.2 R-CNN detector

Region-Based Convolutional Neural Networks, R-CNN [25] is an object detection method

based on CNN by Girshick et al. It abandoned the sliding window paradigm (using

detection window to scan input images), but adopted the selective search method to

select some of the candidate windows. With an acceptable recall rate of the detection

target, the number of candidate windows can be controlled within a certain number

(which depends on the input). In fact all the windows are still checked once, but most

of them are constantly being excluded. Compared with the VJ detector, the use of the

candidate window generation method is based on the features of the image. Using the

candidate window result, the detector can estimate where the object may be and how

many objects there are in the input image.

The method used to generate candidate windows in R-CNN is called selective search.

Selective search is a typical candidate window generation method, which uses the idea

of image segmentation. Based on a variety of color features, the image is divided into

multiple small pieces. Then the di�erent pieces are merged from bottom to top. In this

process, each merger of the pieces corresponds to a candidate window, and �nally results

in the selection of the most likely window containing the object as a candidate window

[25].

Another advantage of R-CNN is that it not relies on hand-crafted design as the VJ

detector, but that it uses the CNN to automatically learn features. Compared with the

Haar feature process which uses hand-crafted features, a CNN is used for transformations

without specifying the details of feature extraction. It is using training data to replace

a human design. The disadvantage of this method is that the interpretation of learned

features is usually poor. Another disadvantage is the dependency on training data sets.

The R-CNN detector has good performance by involving deep features compared to

the VJ detector. However, because of the large computational complexity of the CNN,

18



the running speed is typically slower than the VJ detector. It can usually be applied

to images in most applications, but it is not fast enough yet to apply it to processing

videos. In summary, with regards to our real-time tracking system, we did not select the

R-CNN detector because of our real-time processing requirement.

2.4.3 Faster R-CNN detector

The so-called Faster R-CNN detection algorithm [63] was developed by Shaoqing et al.

Faster R-CNN has some improvements compared to the R-CNN detector. As its name

suggests, faster R-CNN obviously achieves an improvement in speed.

There are three steps to accelerate the detection process.

1 The strategy of the integral plot is similar to the VJ face detector, however, this

integral plot is calculated from the entire input image. In the R-CNN detection

process, when there is an overlap between the two windows, the overlap feature is

calculated twice. Thus, in Faster R-CNN detection process, the proposal regions

are re�ected to the last convolutional layer of CNN to calculate the feature maps.

Then, for each candidate window, the feature map corresponding to the whole

picture is extracted only once thus avoiding repeated calculations [63].

2 Faster R-CNN utilizes a matrix decomposition technique called SVD, which is

applied in the fully connected layer of Faster R-CNN. Therefore, the computational

complexity is reduced [63].

3 Faster R-CNN uses the CNN layers to generate candidate windows while it also

utilizes the same CNN layers that generate the windows to share the convolution

layers with other CNN layers used for the classifying and border regression. Since

the same convolution feature maps can be used repeatedly in these steps, thus the

amount of computation is greatly reduced [63].

Although, Faster RCNN detector has a lower computational demand than R-CNN,

it is still hard to run in real time to apply in detection tasks in real-time videos. As a

result, it does not meet our tracking system requirements.
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2.4.4 Cascade CNN face detector

In 2015, Li et al. [46] presented the Cascade CNN face detector, which can be considered

as a combination of traditional face detection technology and deep networks. This face

detector contains a number of classi�ers which are organized in a cascade. However,

the di�erence is that the Cascade CNN face detector uses neural networks as classi�ers

for each level rather than using the AdaBoost method combining a number of weak

classi�ers into a strong classi�er. Additionally, there is no longer a separate feature

extraction process, feature extraction and classi�cation are done in the CNNs.

In order to avoid high computational overhead, the �rst two CNN layers are very

simple and the size of the input images are controlled to be very small. As the step size

of the sliding window is set to 4 pixels, the number of candidate windows is reduced.

The last CNN layer is more complex and is able to get accurate feature and classi�cation

results. The computational overhead of extracting features and classi�cation for each

window are controlled by the network design, so that the computation is made reasonably

fast.

The whole cascade structure consists of three main parts:

1 The �rst CNN layer contains only one convolution layer and one fully connected

layer for coarse classi�cation results with 12 x 12 input images [46];

2 The second CNN layer increases the size of the input image to 24 x 24 in order

to increase the ability of the classi�cation process to distinguish between face and

non-face windows. Although it still only contains a convolution layer and a full

connection layer, the convolution layer has more convolution kernels, and the fully

connected layer has more nodes [46]. Meanwhile, the same input images will be

scaled into 12 x 12 and fed to the �rst CNN net, then the second CNN layer will deal

with all the results from the second CNN layer and the �rst CNN layer together in

a fully-connected layer to improve the accuracy; and

3 The third CNN layer also uses a similar approach to increase the size of the input

image to 48 x 48. The layer is designed to be more complex. This more complex
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layer uses two convolution layers and a fully connected layer to classify more pre-

cisely [46]. When running the third CNN layer, the second layer also process the

same input images and all the results from these two CNN layers will be processed

in the last fully-connected layer of the third CNN layer.

Aside from the three CNN layers, an additional calibration layer follows each CNN

in order to modify the detection result positions more accurately. After getting the

candidate windows from each CNN layer, the calibration layer will create 45 windows

based on each output of the CNN layers. The calibration layer next recalculates the

con�dence value of each window. All the windows with a con�dence higher than the

threshold will be selected to calculate the average position as the detection result [46].

The process will be

(s; x; y) =
�

1
Z

� NX

n=1

(sn ; xn ; yn )I (cn > t ); (2.8)

Z =
NX

n=1

I (cn > t ); (2.9)

I (cn > t ) =

8
<

:
1; if cn > t:

0; otherwise.
(2.10)

Here s is the the scale element, x, y are the coordinates of the window's upper left

corner position, t is the threshold andcn is the con�dence score. In the Face Detection

Data Base (FDDB) data set, a commonly used benchmark for face detection algorithms,

Cascade CNN reaches a detection rate of 85%. At the same time, for an image with

a size of 640 x 480, under the condition that the detectable face size is 80 x 80, this

detector is able to keep a processing speed close to 10fps on the CPU [46]. This running

speed marks a drastic improvement compared with other face detectors considering that

the Cascade CNN detector achieves a high detection accuracy at the same time. For

our multi-face tracking system, we �rst employed the cascade CNN face detector for

the detection step. The six CNN layers of the cascade CNN face detector appear to be

somewhat redundant as the follow-up Multi-Task Cascaded Neural Network (MTCNN)
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uses a simpler architecture with better results. Although, in our system, we select the

MTCNN face detector, Cascade CNN face detector is an important design and successful

implementation of a face detector with deep learning techniques.

2.4.5 MTCNN face detector

Several well performing face detectors based on neural networks have appeared recently

[46, 63, 25, 20]. As our work is focusing on real time video face tracking, a fast detector

to correctly initialize the location of each face is very important. In our work, we use a

fast and e�ective face detector called Multi-task Cascaded Nerual Networks (MTCNN)

detector.

In October 2016, Zhang et al. [83] introduced a new face detection algorithm using

MTCNN. The detector is inspired by the Cascade CNN detector to identify the face

location. However, instead of only using CNN layers to calculate the con�dence of each

face window, MTCNN detector also uses the CNN layers to calculate a bounding box

regression and facial landmark (refer to glossary) localization at the same time, and hence

the name "Multi-task" CNN. For each video frame, the MTCNN face detector only runs

3 CNN layer, which reduces the runtime cost.

Bounding box regression

As previously noted, the Cascade CNN detector is using another calibration layer after

each CNN layer to get the o�set of each face position. The MTCNN detector only uses

the CNN layer to get two more types of results, which are the bounding box of the

face in a regression [83] (an o�set of each face window) and �ve point facial landmark

localization (�ve points are two pupils, two corners of mouth and the tip of the nose).

Bounding box regression determines the distance the input face window needs to move

and in which direction, instead of feeding more windows into the calibration layers to re-

calculate all the candidate windows con�dence again. The MTCNN detector's bounding

box regression gives the position o�sets of the output to the input face window position

to get the �nal output position. It signi�cantly reduces runtime cost.
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Facial landmark localization

Besides adding bounding box regression as an output, another output of the CNN layer

is facial landmark localization [83]. It means, �ve facial landmarks will also be detected.

Calculating facial landmark localization actually contributes to the face detection accu-

racy.

Cascade structure

There will be positive in�uence among relative tasks. The main task in face detection

is locating features and predicting the location of key points, such as the center of the

eyes, the tip of the nose, edges of the mouth and etc. Based on this idea, in 2014,

the Joint Cascade [13] was introduced. This is known as an alternative cascading face

detection classi�er with regulators which are required to predict feature positions. Then

face detection and locating features can be completed at the same time. This technique

improves accuracy as di�erent faces have di�erent feature point locations.

Given that the MTCNN face detector can run faster than the detectors we have

discussed above with good accuracy [83], we employ the MTCNN detector in our multi-

face tracking system. In Chapter 3 we will introduce more implementation details of the

MTCNN face detector.

2.5 Face tracking

With the development of image processing, face tracking emerged as one of the standard

image processing tasks. In 1998, Liang et al. [48] presented a way of combining skin-

color segmentation and geometric analysis to track a face at a speed of 15fps. A similar

color segmentation method was also used for other face tracking algorithms [80, 67]. In

2015, Ranftl et al. [61] published a real-time face tracker based on optical �ow. Liu et

al. [50] presented a face tracking system based on Local Binary Patterns. In addition, in

order to meet industrial needs, more face trackers are designed for controlling the user

interface [11, 10, 16] (e.g. in a game) or for a camera [57]. Shakhnarovich et al. [65]

demonstrated real time face tracking with a gender classi�cation feature. Many image
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processing methods were used for face tracking, such as Kalman �lters [59], histograms

analysis [59], mean-shift and wavelet networks [40].

2.5.1 Face tracking with feature extraction

After the feature extraction methods in increasing number was released, it is compared

with image analysis method to extract facial feature, more attempts were made to extract

facial features have been done in facial tracking.

Yang et al. [79] presented a face tracking method based on a radial basis function

(RBF) network. For training the network, they used the Olivetti Research Laboratory

(ORL), Cambridge, U.K., data set. This data set contains the faces of 40 persons from

ten di�erent angles in front of the same background. Although it is a well established data

set for training, unfortunately all the images are only grey scale. Yang et al. [79] show

that, the face tracker can track multiple people and verify the same person's face from

two continuous frames. However, the experimental results in the paper show that the

faces that are being tracked are very clear and the background is not complex. Moreover,

the number of people is limited to three. In addition, they only show the accuracy tested

on a grayscale data set. Hence, this face tracking system was still quite limited due to

the above facts.

Minyoung et al. [39] introduced a face tracker based on face recognition with face

feature extraction. They use the Honda/UCSD Video data set released by the University

of California San Diego. This data set contains many di�erent pictures of faces. Each

picture only contains one person's face with high resolution. For each person, there are

�ve pictures taken from di�erent angles, but in front of the same background and with

the same illumination. The data set are all grayscale, and this face tracker is only for

tracking a single face in gray scale videos. Hence, it has a number of limitations for our

intended application.
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2.5.2 Runtime e�ciency

There are many real-time face trackers [80, 67, 11, 10, 16, 40, 74, 67, 21] that are limited

to tracking only one face at a time. There are many algorithms that are adopted by these

face trackers, such as skin color segmentation [67], Kalman �lter, Gabor wavelet networks

[21], etc. Among these methods, the Kalman �lter is one of most popular algorithms

used in many trackers for predicting the object position in the next frame.

One tracker [28] in the 2014 VOT challenge used a CNN to achieve general object

tracking. This object tracker used a CNN to track the object and made CNN tracking

run in real time for the �rst time. However, this tracker is only working for single object

tracking with manual target initialization. This CNN uses the position information

and object features to track the object. Similarly, in our tracking process, the tracking

network is also designed to calculate the similarity of two matching patches, referring to

the position information together. In comparison, the method of this thesis is working

in real time for multi-face tracking with automatic initialization of the face position.

2.5.3 Multi-face tracking

Multi-face tracking is more complicated than single face tracking for several reasons. The

algorithms involve more calculation and additional decision making criteria. There are

several algorithms [52, 51, 68, 3] for implementation of multi-face tracking, however, for

there is no access to the evaluation video they use, we cannot do comparison with them.

In 2017, Wu et al. [77] presented a multi-face tracker based on a Coupled Hidden Markov

Random Field (CHMRF) algorithm. However, Wu uses a detector to locate all the face

positions in the video �rst and then links the faces with the same label which are assumed

to belong to the same person. Therefore, this method is only able to track in video that

has been previously recorded. The algorithm itself runs in real time but it cannot apply

to live videos. Although the algorithm limitation is obvious, the performance evaluation

results show that this multi-face tracker has been better than most of the trackers in

both accuracy or the number of label switches for a person.

Roth et al. [19] implemented a face tracker based on the Hungarian algorithm and
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the Discrete Cosine Transform (DCT). This face tracker can run without pre-processing

the entire video �le in advance. However, because of the high computational complexity

of the algorithm, the average runtime cost is about 2s per frame on an AMD Phenom

X4970 quad core processor and improvements are still needed to run in real time. In

addition, the accuracy of this algorithm is not as competitive as the algorithm Wu et

al. [77]. A comparison is shown in Chapter 4.

Le et al. [43] introduce a method for multi-face tracking, which comprises of color

histograms and feature extraction based on SURF, as well as the position information to

follow the faces moving in the video. However, it is not a real-time tracker, the runtime is

6-7 fps. This tracker's performance is average in tracking accuracy as shown in Chapter

4, based on results with two evaluation metrics. The results show very few label switches

for tracked people. However, it usually produces a larger number of tracklets (refer to

glossary) than other trackers. Face tracklet is the 2D trajectory of faces over time in

the video. This means that the tracker has a hard time to deal with camera cuts, face

occlusion, etc. and it shows this tracker's limitations.

There is another method [78] which implements multi-face tracking based on a hidden

Markov random �eld model but this tracker cannot run in real time. According to the

results with the evaluation metrics used in this thesis, this multi-face tracker is not very

competitive on accuracy nor on runtime cost.

2.5.4 Restrictions

Because of the challenges of the task and in designing the algorithms, many restrictions

are presented in the above state-of-the-art multi-face trackers. The method by Le et

al. [43] needs to modify some parameters of the tracker to adjust to videos contain-

ing di�erent scenes and the tracker performance will partly depend on these parameter

settings.

In comparison with the face trackers presented above, our multi-face tracker does not

have the restrictions listed above. The multi-face tracking system described in this paper

is a real-time tracker without on-line training based on the test video. This algorithm

does not need to change any parameters according to the di�erent input video conditions,
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and the runtime cost will not be a�ected signi�cantly with an increase in the number of

faces.

2.6 Performance evaluation criteria

Almost all the face trackers released before 2000 did not mention the runtime performance

of the face tracker. Some mention good classi�cation results, but they do not present

the data set used for testing. Even now, it is not easy to evaluate performance of a

face tracker as there is no standard benchmark. However, after Li et al [47] released a

series of the evaluation de�nitions (i.e. Recall, Precision, GT and etc) based on their

multi-target tracking, authors of other multi-face tracking papers [43, 19, 64, 77, 78]

present their experiment results according to the evaluation metrics of Li et al. There

is another paper [9] that proposed an evaluation method involving a parameter MOTA,

which is called CLEAR MOT, can be regarded as a comprehensive evaluation value for a

multi-face tracker. The CLEAR MOT evaluation method is also often used by multi-face

tracking algorithms [43, 64, 77, 78].

In our multi-face tracking evaluation, we will be using both of these methods to test

the performance of our real-time multi-face tracking system.

To the best of our knowledge, there is no speci�c benchmark for evaluating face tracker

performance, but most recently released multi-face tracking algorithms are tested on the

videos of Frontal and Turning data sets provided by [55] and the TV program The Big

Bang Theory season 1 episode 1. So, combining the methods of the evaluation metrics

of Li et al. [47], CLEAR MOT [9] and these commonly used videos, di�erent multi-face

trackers can be compared.

2.7 Summary

As an increasing number of face detectors begin to adopt deep networks, the accuracy of

face detection begins to increase signi�cantly. In 2014, the academic community in Face

Detection Data Set and Benchmark (FDDB) [34] used the JointCascade face detector
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and obtained the best result of the detection accuracy of 84%. By 2015, this record was

broken by Faceness-Net [81] with an accuracy close to 91%. Today the best detection

record has reached 92.5% with more than one approach obtaining a rate of more than

90%. These results are obtained by face detectors based on deep networks.

The VJ Face Detector has inspired and in�uenced many subsequent works because

its introduction of the integral plot and the cascade structure. These are still used in

a variety of detectors in di�erent forms today. Traditional face detection technologies

excel in speed, while their accuracy cannot compete with the methods based on deep

networks.

Deep networks-based detectors are currently able to achieve very high detection ac-

curacy, and their versatility is very strong, but the cost of these bene�ts is also very high

in terms of calculation complexity. The Cascade CNN detector can be considered as a

representative of a combination of traditional technology and deep networks. It contains

a number of classi�ers; these classi�ers are organized using a cascade structure. The

MTCNN detector is an enhanced version of the Cascade CNN with a better accuracy. It

yields a better performance in both speed, and accuracy. Therfore, we have incorporated

this competitive face detector in our tracking system.

There are many algorithms to solve the one face tracking problem. However, far fewer

algorithms have been released for multi-face tracking. Usually, people solve the multi-

face tracking problem by face clustering. In addition, many multi-face tracking systems

do not consider the runtime cost. As a result many multi-face tracking algorithms face

limitations when running on live video. Because multi-face tracking is more complicated

than single face tracking, the algorithms are usually designed in more complicated ways

such that the computation complexity increases signi�cantly. The algorithm in this thesis

is designed for tracking multiple faces in live video, so its design is more motivated by

runtime e�ciency than other algorithms. According to the comparison results which

are presented in Chapter 4, our tracker can run in real-time and it also yields better

performance in accuracy than other multi-face trackers in the comparisons of this thesis.
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Chapter 3

Multi-face Detection and Tracking

System

In this chapter, we introduce a real-time multi-face tracking system. As presented in

Chapter 2, many papers [80, 67, 11, 10, 16, 40] describe single face tracking systems which

can run in real time but are limited to only a single face. There are some other papers [53,

12] that describe multi-face tracking without labels, which is confusing for distinguishing

the face from the corresponding tracking window. There are some algorithms [43, 19, 64,

77, 78] that implement multi-face tracking with labels or di�erent colors of the tracking

windows. However, all of these algorithms cannot run in real time. They either need a

long time for computation, or can only detect faces in videos that are pre-recorded, and
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then link the same face to give the tracking results.

With the development of deep learning, face recognition has become very accurate.

However, until now, face recognition [69] can only be implemented in deep neural net-

works, which run with a large time cost. Traditional face recognition algorithms [2,

4] with empirical feature extraction methods usually have a relatively high error rate

which results in low accuracy. Therefore, face trackers using face recognition for match-

ing the same face usually have the disadvantages of either a large runtime cost, or an

unacceptable accuracy.

However, inspired by the implementation of face recognition based on CNNs, we build

up a very shallow network for matching the detected faces from the current frame with

the ones of last frame. Usually, a deeper neural network is able to determine a more

precise result, but deeper networks cost more time for calculation and this results in

higher runtime cost. Because of the depth limitation of the shallow neural network, we

extract the face feature maps as the network input to do the matching. In this way, we

reduce the tracking network computation amount and improve the result accuracy. In this

thesis, we present a real-time face tracking system comprised of face detection, feature

extraction and tracking. The tracker contains a shallow neural network for matching two

faces from the last frame and the current frame. This multi-face tracker can run in real

time and has a high accuracy.

In this chapter, we �rst present the overview of our proposed method in Section 3.1.

Then, the face detection, which is the initialization of our system, will be introduced

in Section 3.2. We describe the face feature map extraction and face tracker in Section

3.3 and 3.4, respectively. Section 3.5 introduces the cosine similarity method as a com-

parison and each component's contribution to this system. In addition, in Section 3.6,

we present our considerations for face label retention. Section 3.7 shows the tracking

network training preparation. Finally, there is a summary in Section 3.8.
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3.1 Overview of the proposed method

The architecture of our multi-face tracking system is shown in Figure 3.1. There are

three blocks constituting the whole system, these are face detection, feature extraction

and tracker.

Figure 3.1: Architecture Overview.

In this multi-face detection and tracking system, the face detection is the �rst step

to initialize the whole system by locating the face positions. For each face, the outputs

of the face detection are classi�cation result with scores, bounding box regression and

locations of face landmarks. If it is the �rst frame of input video, the labels are put on

each detected face in the order of the face detection results. In Figure 3.1, frame t stands

for the last frame and frame t-1 stands for currently tracking frame. Face detection is

done on each single frame.

Then we crop each face image in the original input image to pass through the feature

extraction block to get the feature map of each face. According to the feature map of

each detected face, the tracker will compare the current feature map of a face with the

feature maps of the faces from the last frame for matching. If the current face gets a good

match with a face from the last frame, it will inherit the same face label. Otherwise, it

is regarded as a new face and will be assigned a new face label. Figure 3.2 presents the
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Figure 3.2: Face tracking system framework with outputs of each step.

The original input image will be scaled by 0.5 until the image size is equal to or smaller

than the minimum detection face size. P_Net, R_Net, O_Net and NMS are

introduced in Section 3.2 F_Net and tracking_Net are introduced in Section 3.3 and

3.4, respectively. Image is from data set [55].
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Figure 3.3: A sample of current frame t output. Image is from data set [55].

outputs of each step in the implementation procedure.

The input of this multi-face tracking system is the video, which can be a pre-recorded

video or the live stream which needs tracking results in real time. Because we have

designed three alternative networks (Network 1, Network 2 and Network 3) for the face

matching task in the tracker block, and our implementation provides all three networks

for comparison. Our system only uses one network to obtain the matching result. We

make the decision which network to use at the beginning of the program. Then the

system uses only that selected network to do face matching in the tracker block for the

whole tracking process.

For each single frame, the output of this system is the output image, which will later

constitute one frame of the output video. The output image is the input frame marked

with the detected face locations and labels. Figure 3.3 shows a sample of the output

image, a result on our testing video.

We will describe each function step by step in Section 3.2, 3.3 and 3.4, respectively.

3.2 Face detection

In our multi-face tracking system, we deploy the multi-task CNN face detector (MTCNN)

[83] for face detection. The MTCNN face detector adopts the cascade structure to com-
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bine 3 CNN layers to process the input image. These 3 CNN layers are shown in Figure

3.4. This process is similar to the cascade CNN [46]. However, instead of only using a

CNN layer to calculate the con�dence value of each face window, the MTCNN detector

also gives bounding box regression (x0, y0, x1, y1) and facial landmark localization as

another two outputs at the same time. This design reduces the computational runtime

cost and improves the face detection accuracy.

The processing pipeline of this face detector is:

1 The input image will be built into an image pyramid [1]. The size of each level

of this image pyramid is from the original input image size to the minimum face

size (pre-set parameter). The level number is depending on both the size of input

image and minimum detection face size. All the scaled images will be the inputs

of the face detector and will be �rst fed into the P_Net, one by one.

2 The P_Net scans the whole scaled image densely to get the candidate windows

with a size of 12 x 12. All of the 12 x 12 images are the input images of the P_Net.

The input image is 12 x 12 x 3 (the height is 12 pixel, the width is 12 pixel and it

has 3 channels of R, G, B).

The CNN structure of the P_Net is shown in Figure 3.4. Each picture presents the

output of each layer in the P_Net. The labels above each data block describe the

previous layer's output and the next layer's input. For example, 10@10x10 means

this layer's output is 10 images with a size of 10 x 10.

The labels underneath the arrows describe each layer's information. For example,

convolution 10 3x3 �lters stride 1, means this layer is a convolution layer, and the

layer output number is 10. This convolution layer contains kernels with a size of

3 x 3. The stride size of this convolution layer is 1 when sliding the convolution

kernel over the input data. Stride is the distance in pixels which we slide the �lter

with at a time. In our neural networks, because we do not need to keep the input

image size as the same as the output size, as well as our kernal size is small, we

do not use zero-padding to make up around the border in the convolutional layer

when we training the CNNs.
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Figure 3.4: Face detection architecture.

10@10x10 means the output of this layer is 10 dimensional with a size of 10 pixels by

10 pixels; Convolution means convolution layer; 10 3x3 �lters means this convolution

layer has 10 outputs and the convolutional kernel size is 3 x 3; Stride 1 means this

convolution layer's mapping stride is 1. The details of each layer function process are

discussed in Chapter 2.

35



It is worth mentioning that we do not draw the activation layer in this structure

diagram, as the activation layer does not change the image size. All the activation

layers adopt a ReLU layer in this CNN. The complete structure of the P_Net

is convolution layer, ReLU layer, pooling layer, convolution layer, ReLU layer,

convolution layer, ReLU layer and convolution layer. All the parameter setting

details of each layer are shown in the Figure 3.4, P_Net.

The output of the P_Net are classi�cation results and bounding box regression.

The classi�cation results give each input image two scores, one stands for the

detected face con�dence, and another one stands for the non-face con�dence. The

bounding box regression contains 4 �oat numbers (x0, y0, x1, y1) as introduced in

the Chapter 2.

In the P_Net, after calculating the con�dence score for each window, most of the

candidate windows whose con�dence is lower than the pre-set threshold will be

rejected.

3 The R_Net will crop out the remaining candidate windows in the original image

and resize them into 24 x 24 as the input images. Again, the R_Net will reject

most of the remaining candidate windows with a con�dence score lower than the

pre-set parameter (here we use 0.92).

The CNN structure of the R_Net is shown in Figure 3.4. The complete structure

of R_Net is convolution layer, reLU layer, pooling layer, convolution layer, reLU

layer, pooling layer, convolution layer, reLU layer, convolution layer, reLU layer,

innerproduct layer. All the parameter setting details of each layer are shown in the

Figure 3.4.

The outputs of this R_Net are classi�cation result and bounding box regression.

The classi�cation results show the con�dence and non-face probability.

All the remaining candidate windows will be fed into the O_Net afterwards.

4 The O_Net crops out images in the original image according to the left candi-

date windows (output from the last step and windows with higher con�dence than
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threshold), and then scales the cropped images into a size of 48 x 48 as inputs for

this layer.

The CNN structure of the O_Net is shown in Figure 3.4. The complete structure of

the O_Net is convolution layer, ReLU layer, pooling layer, convolution layer, ReLU

layer, pooling layer, convolution layer, ReLU layer, pooling layer, convolution layer,

ReLU layer, convolution layer, dropout layer, ReLU layer, inner product layer. All

the parameter setting details of each layer are shown in the Figure 3.4.

The output of this O_Net is classi�cation results, bounding box regression and

facial landmarks. The classi�cation results contains the con�dence score. All the

candidate windows with the con�dence score lower than the threshold will be elim-

inated in this layer. All the candidate windows remaining after O_Net will be

output as the bounding boxes of the detected faces.

After each CNN layer (P_Net, R_Net and O_Net), all the candidate windows are put

into a step called non-maximum suppression (NMS). NMS will eliminate the candidate

windows which have a large overlap where the IoM is bigger than 0.5. If two candidate

windows share a very large overlap, it means these two windows are locating the same

face, then the NMS will delete the one with the lower con�dence score. Therefore during

the face detection process, NMS will be called three times in total, as shown in Figure

3.2.

This face detector has multiple outputs, but we only use the face detection result in

our multi-face tracking system.

3.3 Feature map extraction

The face feature map extraction is preparing the inputs for the tracker block. In order to

avoid the bounding box regression o�set of output feature map, we build up a CNN layer,

F_Net, to achieve feature map extraction. The F_Net has a similar CNN structure as

the O_Net but the output is only the feature map which is di�erent from the multiple

outputs of the O_Net. We crop the detected face of current frames and feed them into
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the F_Net, whose structure is shown in the Figure 3.5. The output of this network is a

256 x 1 feature map vector and the input is each detected face image one by one.

The complete structure of F_Net is convolution layer, reLU layer, pooling layer,

convolution layer, reLU layer, pooling layer, convolution layer, reLU layer, pooling layer,

convolution layer, reLU layer, convolution layer, dropout layer, reLU layer, innerproduct

layer.

The F_Net is very similar to but slightly di�erent from the O_Net:

1 The input of F_Net are the detected face windows which are scaled into 4 x 48.

2 The F_Net has only one output when we run it in the test. After passing the last

inner product layer with 256 kernels, the output is a 256 x 1 vector, which is the

feature map of the input face image.

3 Training the F_Net is similar to training a face detection CNN layer. We initialize

the F_Net with the weights from the O_Net which has the same layers. The

output of training process is the con�dence value. We also use the face and non-

face images with "1" and "0" labels to train F_Net. However, there is no face

landmarks and bounding box regression as outputs in F_Net.

This step transforms the tracked faces into features. Instead of putting the feature

extraction process in the tracking CNN, we �nish the feature extraction in advance in

the F_Net. In this way, for each detected face, the feature extraction process will only

be called once, rather than repeating it as part of the tracking network. It reduces the

system's runtime cost and also allows us to maximize the simpli�cation of the tracking

network in the tracker block.

As we use similar CNN frameworks to get di�erent results, the training process and

training data set are similar for the F_Net to the O_Net but simpli�ed to a degree such

that there is no face landmark and bounding box regression. The implementation details

are discussed in Section 4.1. When we prepare the training data, there is no bounding

box regression and face landmarks but only face and non-face samples and corresponding

labels.
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Figure 3.5: Feature Extraction Architecture.

3.4 Tracker

In our multi-face tracking system, the tracker block works on matching the faces of the

current frame t with the ones from the previous frame t-1. The tracker will assign a label

for each face according to the matching results.

Overview of tracker

The processing pipeline of the tracker block is shown in Figure 3.6. The tracker needs

the inputs from the last frame t-1 which are stored in memory: the positions of each

face, the feature maps and face labels. It also needs the input from the current frame t:

the detected face positions and feature maps of the detected faces.

The tracker block contains four steps for implementation:

1 Position check

The tracker will use face positions from the last frame t-1 and the current frame t

to �lter out unlikely matches because of image distance.

2 Reformatting of feature maps

After the position check, all of the remaining face feature maps will be put into a

square image-like format. Each 256 x 1 feature map vector will be formatted into
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Figure 3.6: Tracker architecture.

a 16 x 16 one-channel grayscale image with the original real values. Two feature

maps which are going to be compared need to be �rst put into a 16 x 16 two-

channel image, i.e., two feature maps are put into one image's di�erent channels.

This image is the input to the tracking network.

3 Network

The network is to calculate two face similarity values. The input of this network is

the 16 x 16 two-channel image. The output of this network is the similarity score

of two faces.

On the condition that the system is able to run in real time, we design three

networks. These three networks have the same function but di�erent accuracy.

4 Label assignment

The faces in the current frame will inherit the label of the face who has the highest

similarity value calculated with the faces of the current frame.

The outputs of the tracker block are the face positions, feature maps, face label and

the current frame image with labeled faces.
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Position check and reformatting of feature maps

In the tracker block, the position check step is to search for potential areas in last

frame t-1 where the face in current frame t originates from. We use the face position

information as a reference to �lter out the unlikely matches and help the tracker to select

the candidate face label to possibly inherit.

In the position check, we use the two face rectangles to calculate the Intersection-

over-Union (IoU) result. If the IoU result is higher than the pre-set threshold of 0.5,

which we refer to the setting from [34]. (We used the IoU with threshold of 0.2, 0.3, 0.35,

0.4, 0.45, 0.55, 0.6 and 0.65, however, on the test video, the threshold of 0.5 performs the

best. The thresholds smaller than 0.5 increase identi�cation switches, however, values

bigger than 0.5 excludes even correct faces). Then we keep the face label as the candidate

label to select from, or the face label is rejected in this step. The tracker will repeat this

step for all the currently detected faces.

The second step in the tracker block is the feature map reformatting. In order to

simplify the process of both training and testing, we combine two face feature maps into a

2-channel image for comparison. The output from the feature extraction network F_Net

is 256 x 1 feature map vector. We �rst transfer a 256 x 1 vector into one 16 x 16 one-

channel grayscale image. Then we combine two grayscale images into one two-channel

�oating point image as the input of tracking network.

We use a two-channel image to contain the whole input information to be compared in

the tracking network instead of inputting two 256 x 1 vectors into the tracking network.

Because if there are two inputs (two 256 x 1 vectors corresponding to each feature map)

to be fed into the tracking network, there would have to be at least two more layers in

the tracking network to process and combine these two inputs which will increase the

network depth and adversely in�uence the design of our very shallow tracking network.

Network

In order to ensure runtime e�ciency, we design the tracking network in the simplest

way. Compared with harder tasks such as object recognition and face identi�cation,

41



Figure 3.7: Information needed from last frame. Image is from data set [55].
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our tracker only needs to calculate the similarity of two feature maps. The tracking

network does not need to calculate face features, which enables a very simple design of

the tracking networks. We start from the simplest way to build up the tracking network

to keep the real-time runtime cost low, and then increase the number of layers gradually.

The input of the tracking network is a two-channel image, where one channel contains

the face of the current frame t, and another one is a face from the last frame t-1 for

comparison. The output of the network is the similarity value. The similarity value

expresses how likely these two feature maps are from the same face or not.

We design three networks: Network 1, Network 2 and Network 3, which have the same

function but di�erent layers. The result in Chapter 4 shows that the 2-layer network

works better than the 3-layer network and therefore, we do not design deeper networks

for our tracking. Another reason is the deeper network will have an adverse in�uence on

runtime cost of our tracking system and hence we stop at a 3-layer network. In Chapter 4,

we will use the common evaluation metrics to compare the results of these three di�erent

tracking networks and their time performance. Figure 3.8 shows the design of the three

networks: Network 1, Network 2 and Network 3.

1 Network 1:

As the input image is a 16 x 16 image with 2 channels, we select a convolution

layer with one 16 x 16 kernel as this network's only layer;

2 Network 2:

In Network 2, we use one convolution layer and one inner product layer to calculate

the similarity value. The �rst convolution layer contains ten 7 x 7 kernels and the

second convolution layer contains one 10 x 10 kernel;

3 Network 3:

In Network 3, we use one convolution layer, one pooling layer and one inner product

layer. The �rst convolution layer contains ten 7 x 7 kernels, the pooling layer

contains a 2 x 2 kernel and the second convolution layer contains one 10 x 10

kernel.
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Figure 3.8: Tracking network structure.
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The tracking network is a two-category clssi�er. All of these three network inputs

are a two-channel image which is the output from the feature map reformatting step.

The output of each of these three networks are a 2 x 1 vector, where one value is the

similarity score which stands for the probability of these two faces belonging to the same

person and the other value is the probability of the two faces not being the same. When

we run this multi-face tracking system, we only use one of the networks.

Label assignment

Label assignment is a step of the face tracking to decide and assign the face label to the

detected faces in the current frame t according to the result of the position check and

the result of the tracking classi�er. For the label assignment step, the information we

need from the last frame are the location of each face, the feature map of each face and

the labels of the corresponding face. This is shown in Figure 3.7.

The implementation process is listed below:

1 For the �rst frame of the input video, there is no tracking process. All the faces

detected by the face detector are labelled according to the detection output order.

These assigned labels are the original face labels.

2 From the second frame, the IoU result will be calculated by each detected face in

current frame t and each face from the last frame t-1. If the IoU result is bigger

than the pre-set threshold of 0.5. We select the same threshold Jain and Miller

used in [34]. The faces from the last frame t-1 that pass the threshold will be stored

in the candidate vector.

3 If the candidate vector is not empty then we will calculate a similarity value for all

the faces in the vector with the current target face. The current target face will

inherit the label of the one with the highest similarity value.

4 If the candidate vector is empty, then the system will put the currently processed

face into the vector of unmatched faces.
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5 After �nish the label �nding process for all the faces in the current frame t , the

system will check whether all the labels from the last frame have been matched.

If there are some labels left, all the labels will be put into the vector of empty

positions in order from the smallest to the biggest number. In the vector of empty

positions, we count how many times a face has not been matched.

6 If the vector of non-matched faces is not empty, the system will check whether

there is a label in the vector of empty positions that has been counted more than

3 times. If it has, the face in the vector of non-matched faces will inherit this

label, otherwise the system will create a new label with a number plus one of the

currently largest label number. If a face reappears, which has been lost for more

than 3 frames, is likely that it can be matched. However, it will receive a previous

face label and not a new face label as the system simply re-uses ID labels.

7 Each detected face in current frame t has a face label that will be stored into the

memory with its corresponding face position and face feature.

3.5 Evaluation of tracking steps

As there are two steps to �lter out the faces which are not belonging to the same face

label in our multi-face tracking system, position check and tracking classi�er, we compare

each component's contribution to this tracking system here.

We run this multi-face tracking system with only the position check in the tracker

block without a tracking classi�er to evaluate the contribution of the position check. We

also run this system only with the tracking classi�er without the position check to see the

results of the tracking classi�er alone. We also only run the cosine similarity to compare

results to see each component's contribution to this whole tracking system.
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Cosine similarity

We also use the cosine similarity to calculate these two face feature map similarity, the

cosine similarity function is

similarity = cos(� ) =
P n

i =1 (A i B i )q P n
i =1 A i

2
q P n

i =1 B i
2
; (3.1)

The cosine similarity achieves the same function as the three tracking networks. The

cosine similarity can therefore replace the tracking network in our multi-face tracking

system. In Chapter 4, we further compare the results of the multi-face tracking system

using cosine similarity method with the tracking networks.

We employ the commonly used CLEAR MOT evaluation method introduced by

Bernardin and Stiefelhagen [9] to evaluate the tracking result with each single com-

ponent. CLEAR MOT de�nes various evaluation scores including MOTA, which could

give a comprehensive score of tracking performance. There are four more parameters in

this evaluation metrics,FPt (the number of false positives),MISS t (the number of false

negatives),MR (the number of miss rate) andIDS t (the number of identity switches).

More details about this evaluation metrics is given in Chapter 4.

Method MOTA FPt MISSt MR IDSt

Position check 88.77% 1 92 2.16% 386

Network 1 60.51% 1 92 2.16% 1592

Network 2 64.26% 1 92 2.16% 1432

Network 3 64.85% 1 92 2.16% 1499

Cosine similarity 63.72% 1 92 2.16% 1455

Table 3.1: Each component evaluation result on video "Frontal"

Position check, Network 1, Network 2, Network 3 and cosine similarity comparison

based on the evaluation method MOTA [9] and the test video "Frontal" [55]

From the CLEAR MOT evaluation, as shown in Table 3.1 and 3.2, we can see that the

combination of the position check and face detection can achieve the highest score, while

these three networks and the cosine similarity cannot work as well without the position
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Method MOTA FPt MISSt MR IDSt

Position check 86.85% 2 3 0.11% 363

Network 1 51.16% 2 3 0.11% 1362

Network 2 53.20% 2 3 0.11% 1305

Network 3 51.73% 2 3 0.11% 1346

Cosine similarity 52.41% 2 3 0.11% 1327

Table 3.2: Each component evaluation result on video "Turning"

Position check, Network 1, Network 2, Network 3 and cosine similarity comparison

based on the evaluation method MOTA [9] and the test video "Turning" [55]

check as shown in Table 4.11. However, the tracking results have been much improved

by combining the position check and a tracking classi�er. The evaluation results are

presented and discussed in Chapter 4.

3.6 Face label retention

Figure 3.9: Example without face label retention

Example output of The Big Bang Theory Season 1 Episode 1 without face label

retention. Two di�erent characters inherit the same face label in this example. These

examples show several camera cuts where the scene changes. This result is obtained by

our multi-face tracker with Network 2.
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Figure 3.10: Example with face label retention

Improved example output of The Big Bang Theory Season 1 Episode 1 with adding the

face label retention. The improvement results show that our multi-face tracker

overcomes the camera cut challenges in a number of cases. This result is obtained by

our multi-face tracker with Network 2.

Improvement of face label retention

In the implementation process of label assignment, because we make the face label re-

tention for 3 frames, which is shown in Section 3.4, Label assignment part, step 6, the

tracking results get a big improvement. We call this improvement step as Face Label

Retention. Figure 3.9 shows results without face label retention and Figure 3.10 shows

the improved results. The comparison of Figure 3.11 also shows the improvement by

adding the step of face label retention. These two examples are showing tracking chal-

lenges including camera cuts and face occlusions. Camera cuts are a challenge for many

multi-face trackers. The result with the improvement step shows our multi-face tracker

can overcome some of the camera cuts to track the same person who disappears in be-

tween some frames during the whole video stream. Our results with face label retention

show that an occluded face can continuously be tracked with the same label across the

occlusion.

There are some other challenging situations for face tracking task. For example, in

the testing videos, the face detector might fail to detect one person's face in one frame,

while there are detection results for the same person's face in the previous frame and in

49




	Abstract
	Declaration
	Acknowledgements
	Glossary of terms
	Table of Contents
	List of Figures
	List of Tables
	Introduction
	Motivation of the problem
	Thesis statement
	Objectives
	Thesis outline

	Related Work
	Convolutional Neural Networks 
	Feature Extraction 
	Empirical features for face detection
	Deep features

	Classifiers
	Face detector
	Viola-Jones face detector
	R-CNN detector
	Faster R-CNN detector
	Cascade CNN face detector
	MTCNN face detector

	Face tracking
	Face tracking with feature extraction
	Runtime efficiency
	Multi-face tracking
	Restrictions

	Performance evaluation criteria
	Summary

	Multi-face Detection and Tracking System
	Overview of the proposed method
	Face detection
	Feature map extraction
	Tracker
	Evaluation of tracking steps 
	Face label retention
	Training of tracking classifier
	Summary

	Experiments and Evaluations
	Face detection implementation
	Tracker implementation
	Evaluation criterion
	Evaluation results
	Discussion

	Conclusions
	Conclusions and limitation 
	Future work

	References

