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Face detection and tracking using hybrid margin-based ROI techniques
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Abstract

This study is to solve the problem of low accuracy and slow processing speed for real-time face detection and
tracking systems. A margin-based region of interest (MROI) approach with fixed and dynamic margin
concepts is proposed to speed up the processing time. In addition, a hybrid system is developed to boost the
accuracy and overcome the deficiency of the main detection algorithm. This approach consists of two routines,
i.e. main and escape routines. Three algorithms are used independently as the main routine to evaluate the
effectiveness of the proposed hybrid approach. These algorithms are Haar cascade, Joint cascade, and Multi-
task Convolutional Neural Networks (MTCNN). The escape routine based on template matching (TM)
algorithm is designed to evaluate the effectiveness of the proposed hybrid approach and improve detection
accuracy. Two RGB video datasets with diversity and variations in face poses, video backgrounds,
illuminations, video resolutions, expressions, over exposed faces, and occlusions of people within various
unseen environments have been used for experiments and evaluation. The experiment results confirm that the
hybrid approach is capable of detecting and tracking faces in non-frontal orientation with better accuracy and
faster processing speed, i.e. four times faster than the conventional full frame scanning techniques.

Keywords Face detection, Joint-cascade, Convolutional neural network, Haar cascade, Template matching,
Region of interest, Hybrid model, Dynamic margin, Face tracking, Processing time

1. Introduction vision primarily focuses on face detection under
uncontrolled environments because variations in the
Face detection is a vital research field in human  face appearance (i.e. illuminations and pose changes)
computer interaction (HCI) and computer vision could lead to poor robustness of the system.
(CV) [1][2][3]. It is considered to be the basic step
for any system dealing with face analysis. A number The Haar cascade based system [4] can detect near
of researches have been done targeting automatic frontal faces with simple Haar like features based

face detection [3]. Recent research work in computer- ~ Poosted cascade as primary principles. The simple
features enable the system to quickly evaluate and

Bacha Rehman reject false positive detection in early stages. These
bachapk@gmail.com principles make the Haar cascade based system very
Ong Wee Hong effective and popular for many real-time face
weehong.ong@ubd.edu.bn detection frameworks. However, the simple nature of
Abby Tan Chee Hong the features makes it less effective for faces with
abby.tan@ubd.edu.bn non-frontal  orientation and in  uncontrolled
Trung Dung Ngo environment (i.e. lighting, diverse poses, exaggerated
dungnt@ieee.org expression, and occlusion). The huge number of

features involved also leads to heavy processing,

1 Faculty of Science, Universiti Brunei Darussalam, Brunei . . . . . :
Y which makes it unfit for time critical face analysis

Darussalam
2 The More-Than-One Robotics Laboratory, University of systems [5]. Improvements to the Haar cascade
Prince Edward Island, Canada detector have been made to speed up and to improve

non-frontal face orientation detection accuracy in the
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form of joint face detection and alignment [5]. This
method is taken as one of the main routine algorithms
for this study.

Apart from including alignment, researchers are
also looking into more complex features based
methods i.e. convolutional neural network (CNN) to
achieve better results [2]. The CNN requires extra
computation time to compute complex features for
improving accuracy [6]. However, the added
computation load can be normalized by reducing the
number of cascade stages. The reduction in the
number of cascade stages reduces the computation
load without affecting the accuracy. The decrease in
cascade stages makes the whole computation to
remain roughly unchanged. This observation
encourages using advanced features based method
(i.e. CNN) for real-time face detectors.

The CNN-based methods are in contrast to the
hand-crafted features based methods [7]. It can deal
with tough visual variations by leveraging large
training data. CNN works similarly as the normal
Acrtificial Neural Networks (ANN) [6], however, the
neurons in a CNN layer are connected to a specific
sub-region of the previous layers. On the other hand,
each layer’s entire neurons are fully connected with
each other in ANN [8]. The neurons within a CNN’s
layer are arranged in three dimensions, i.e. width,
height, depth.

Multi-task learning (MTL) is a method for solving
several learning tasks in parallel by using
commonalities and differences across all tasks. For
task-specific models, the prediction accuracy and
learning efficiency can be improved using MTL [9].
The Multi-task Convolutional Neural Network
(MTCNN) is an advanced type of CNN having the
ability to use MTL for task based learning. Three
stages of MTCNN architecture has been used in this
paper as explained in Section 3.2.1.

In this work, Haar cascade [4], joint-cascade [5],
and MTCNN [6] have been applied and tested for
face detection and tracking as main routines. It has
been observed that all the three approaches often lack
the ability to perform fast as well as not able to
handle non-frontal face orientation during real-time
video analysis environment. This observation
motivated us to develop a hybrid face detection and
tracking system with margin-based region of interest
(MROI) to improve detection accuracy and

processing speed. An escape routine incorporating
template matching (TM) algorithm [10] has been
proposed in a hybrid approach to make the proposed
face detection and tracking system more accurate,
robust and reliable, and the margin-based region of
interest (MROI) has been proposed to improve the
processing speed for applications in real-time
systems such as video analysis, surveillance, and
human robot interactions (HRI) systems.

This paper also presents two variants to compute
MROI, i.e. fixed margin (FM) and dynamic margin
(DM). In FM, a fixed percentage extra pixels is
added around the face area for detected face. In DM,
fixed percentage with extra pixels is added with
proportion to the change in the face position between
two consecutive frames. The results show significant
improvement in processing speed during face
detection process.

A total of five algorithms have been proposed and
implemented in this study along with a state-of-the-
art algorithm to compare results improvement. The
Haar cascade, Joint cascade and MTCNN
representation of the state-of-the-art algorithms. Five
algorithms have been proposed on each of the three
original state-of-the-art algorithms and implemented
to achieve better accuracy and processing time over
the the original version. The proposed system has
achieved better accuracy and speed on datasets
including face detection and tracking videos-20
(FDTV-20) [11] and 300 Videos In-the-Wild (300-
VW) [12], which contain videos with different
resolutions and durations. The key contributions of
this paper are as follows:

1. Proposed MROI based hybrid face detector and
tracker comprises of a main and an escape
routine to improve accuracy and processing
speed for face detection and tracking systems.

2. Implemented the proposed hybrid models with
variations in MROI on each of the three main
routines, i.e. Haar cascade, Joint cascade and
MTCNN.

3. Using TM as escape routine to detect faces when
the main routine failed.

4. Developing FM and DM based MROI to
significantly improve the processing speed by
ignoring avoidable region in video frame.

5. Thoroughly evaluated five variants of each state-
of-the-art algorithm used as the main routine on
two datasets with real-life videos.



Robust face detection and tracking using hybrid margin based ROI techniques

2. Related Work

Face detection is the primary stage to all vision-
based human computer interaction (HCI) systems
[13]. Several face detection algorithms [3] have been
proposed from time to time. These automatic facial
image analysis techniques consist of face recognition
and face verification [14], face tracking for HCI [15],
video and surveillance system [16], facial attribute
analysis  (e.g. gender, age and Dbeauty)
[17]1[18][19][20], behavior analysis for face [21], face
morphing and relighting [22], shape reconstruction
for faces [23], retrieval and organization of image
and video within photo-albums [24]. In [13], a survey
of different face analysis and synthesis techniques
and models was presented including hand crafted,
skeletal based, active contours, 3D features based,
parameters based, statistical and manual models.

2.1 Simple Features Based Methods

Simple features based multi-view face detectors
were presented in [25][26][27]. These techniques
used separate training methods (i.e. decision trees
and FloatBoost) under different head poses and
viewpoints. A frontal face detection method using
gradient energy representation for face detection in
MPEG videos was presented in [28]. The Haar
cascade based face detection algorithm [29][4] has
become a convenient face detector in many software
tools e.g. OpenCV [30]. Due to the simple nature of
the features, it faces considerable problems with non-
frontal face detection and processing speed [5]. These
issues have been improved by combining face
alignment on the training set with the simple features
based method [5], which also improved the non-
frontal faces detection.

2.2 Complex Features Based Methods

Tackling complex face variations is the main
drawback of simple features based methods, which
encourages researchers to look into more complex
and sophisticated techniques like convolutional
neural network (CNN) [7][31]. Deep CNN has been
used [32] for facial feature detection to achieve high
response in regions of face according to candidate
windows of faces. However, the approach has been
observed to be time costly for real-time systems due
to the complex structure of CNN. In [28], Faster
Recurrent-CNN (R-CNN) was proposed to improve
both detection accuracy and processing time. Faster
R-CNN [33] could be used as a good alternative of

the CNN for future reference. However, the single
task approach made it less effective from merely face
detection [6][34]. In [6], multi-task approach was
proposed for face detection and alignment using
MTCNN. In this paper we have used both simple
features based methods (i.e. Haar cascade and Joint
cascade) as well as complex features based methods
(i.e. MTCNN).

2.3 Template Matching

Template matching (TM) algorithm for face
localization was presented in [35] and its variations
were presented in [36]. Template matching based
approach addressed issues regarding shape, color and
motion was discussed in [37]. As template matching
algorithm is fast by its nature [10], thus it can be used
together with the main routine algorithms for
effective face detection and tracking task. The major
drawback of the template matching based method is
that it cannot be used as sole face detection and
tracking method, because it requires initial template
to kicks in within a video analysis environment.
Therefore, there is a need of another method to
support it detecting a face and provide a template.
Hence, it can be used as an escape routine rather than
the main routine.

2.4 Tracking Algorithms

Since our system track a face within a video or
HRI environment, relevant objects tracking
algorithms were studied to use the face tracking
algorithm [31] effectively. Considering different
tracking algorithms, a centered correlation filters
based tracking systems was discussed in [38]. A face
tracking system was developed using tracking-
learning-detection (TLD) algorithm for real time
environment [16]. In order to track a particular
person in a lecture delivering environment,
informative random fern (IRF) was used in [39] and
TLD was applied in [40]. Similarly, an active context
learning model was applied for object tracking in
video surveillance environment [41]. Haar wavelet
and edge orientation based feature were used to ROI
grouping and classification for the purpose of
pedestrian detection were discussed in [42]. Re-
registration and dynamic template based approach
were developed for head motion recovery in [43].
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2.5 Hybrid Approaches

A hybrid algorithm for face detection and tracking
in a video and real-time environment was presented
using Haar cascade and template matching [44]. The
work presented in this paper is an extended version
of the face detectors presented in [44] [45]. Another
hybrid face recognition system was proposed using
CNN as the main routine [46]. There are other hybrid
approaches to improve the conventional Haar cascade
method e.g. a cascade based Deep Neural Networks
(DNNs) [47] used to obtain pose estimation results
with high precision. Similarly, in [48] multi-task
cascaded convolutional networks was adapted for
face detecting using DNNs. The works mentioned
above helped understand the various concepts to
develop the hybrid system with improved accuracy
and processing time.

3. System Components

The main idea of using a hybrid approach is that
the main routine algorithms used sometimes fail to
detect a face during face detection and tracking
process. However, it leaves a template for the TM
method to continue with the face detection and
tracking process for the set number of frames. Using
the TM method as the escape routine facilitates to
continue face detection and tracking process until the
next face detected by the main routine. Using the
hybrid model provide more robust face detection and
tracking system and without any major discontinuity.
It also provides the facility to detect a face in any
orientation as the template updates with the face
rotation within a video or real-time environment. All
the components used in this system are presented in
the following sub-sections.

3.1 General Architecture

The hybrid algorithm is using main and escape
routines. The escape routine comes into play when
the main routine fails. Once a face is found, the face
position is stored and MROI is calculated around it.
In the next iteration it searches a face within the
MROI calculated from the previous frame. The
system uses this information to speed up detection
and processing time significantly.

Figure 1 shows the main algorithm of the
proposed approach for face detection and tracking.
The original video resolution of the FDTV-20 [11]

dataset is 640 x 480, while the video resolution of
the 300-VW [12] dataset is not consistent. In order to
get to a common point between both datasets, the
downscaling technique has been wused. The
downscaling technique has been performed to reduce
the frame size and to speed up the computation.

Algorithm 1: MROI based face detection and tracking

Data: Video frames

Result: Face position, Template and Rectangle, MROI

Position & Template & ROl & Rectangle = null

for each frame f in the video stream do

Get the frame f and downscale

Compute and extract MROI on frame f

Apply main routine to detect face in MROI

f Face detected with main routine then
Go to next Section

else if Face template is not NULL then

Fall back to escape routine

Apply TM to detect face

end

update

Face position, area and template

MROI with the new face detected (for NT and
NTMT the MROI is taken as full frame)

end

Figure 1. Hybrid and MROI based algorithm for face detection
and tracking

Both fixed width and height based downscaling is
not a good technique to apply, because they squeeze
the face and other object’s shape within the video
frame. Therefore, fixed width and dynamic height
technique has been used for downscaling the video
frame. The downscaled width has been fixed to 320
pixels, while the height of the video is downscaled by
the relative original video ratio. For instance, a video
frame of size 1280 x 720 will be downscaled to 320 x
180, while a video of size 640 x 480 will be
downscaled to 320 x 240. In this way the desired
downscaling has been achieved without affecting the
object shapes inside the video frames, i.e.
maintaining the aspect ratio of the original image
frames. The downscaling is performed for run time
performance only. For analysis, the video frame has
been upscaled to its original size.

The general system architecture of the main
algorithm is shown in Figure 2. Using MROI within
single routine makes the algorithm fast but almost all
the three main routines algorithms fail sometime to
detect a face in non-frontal position. Therefore, TM
is used to rescue the situation. If the main routine
fails, the TM algorithm finds the maximum
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likelihood face position based on the face template
extracted from the previous detected face.

Main F Escape
. ace .
é > routine d 4° routine > i
MROI etected? (TM)
Input frame Face area

Face area from
previous frame

Fy

Face area

i Face template

Template from
previous frame

Face area

Figure 2: General system architecture

The TM detects a face based on the template of
the latest face detected and does not rely on dataset
that was used to train the main detector routine. TM
continues until the main routine re-detects a face or a
counter is reached.

3.2 The Hybrid Approach

The proposed system uses two routines as discussed
in the general architecture (Figure 3). The algorithms
included in both main and escape routines are
described in this Section.

3.2.1 Main routine

The main routine consists of the algorithm
responsible for face detection. For experimental
purpose, three different algorithms have been used as
main routine separately. The algorithms used as main
routines are Haar cascade, Joint cascade and
MTCNN.

The first algorithm used as the main routine in this
work is Haar cascade [4]. It uses two basic principles
for applied solutions, i.e. simple features and boosted
cascade structure. It is a machine learning technique
used for face detection capable to rapidly process
images with high accuracy. This method used
integral image technique, which allows fast
computation for Haar like features. AdaBoost has
been used as learning algorithm, which picks few
important features from the larger set of visual
features, making it very efficient classifier [49]. This

method also combined various complex classifiers
within a cascade. This approach enabled to quickly

discard the background regions and focus more on
favorable object-like regions. The cascade is a
specific object focusing mechanism which focuses
only on regions contain the object of interest. Many
real-time face detection systems are based on these
two principles.

The second algorithm used as the main routine is
the joint cascade. The main idea behind the joint
cascade [5] is to combine face alignment with face
detection. This concept provides an observation that
better features for face classifications can be
achieved with aligned face shapes. The joint cascade
learns both tasks i.e. detection and alignment, jointly
in the same cascade framework to make the
combination  effective.  The joint learning
significantly improves detection while keeping its
real-time performance.

The third algorithm used as the main routine is
MTCNN [6]. CNN is a multi-layered neural network,
in which all layers are partially connected. The input
layer receives same size images. The convolutional
kernel processes a set of units in a small
neighborhood to form a single unit in the feature map
of the convolutional layer. Each plane in the
convolutional layer is presented in Figure 3 as the
general architecture of CNN.
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The MTCNN routine has been used as the image
pyramid, which is the input of the three-stage
cascaded framework [6]. The multi task CNN
handles two tasks, i.e. detect face and do alignments.
The CNN model used in this paper is inspired from
the work presented in [6], which also revealed the
complete detailed diagrams of all the three stages
used.

Input Convolutional ~ Pooling  Fully Connected Output
Layer Layer Layer Layer Layer

' |-

Figure 3: General CNN structure

The three stages of the MTCNN are called
Proposal Network (P-Net), Refine Network (R-Net),
and Output Network (O-Net). Stage one of the
MTCNN used in this work consists of a full CNN,
called P-Net. The P-Net uses 12 network sizes, 3
convolutional layers of kernel size 3 x 3, a maximum
pooling layer of kernel size 2 x 2. The output of the
P-Net consist of a binary face classifier, face boxes of
size 4 and facial landmarks of size 10. P-Net is used
to obtain the candidate facial box regression vectors.
These vectors are adjusted with the estimated
bounding box wvectors. The non-maximum
suppression (NMS) has been applied to merge the
overlapped candidates.

Stage two of the MTCNN used is called R-Net.
The R-Net consists of 24 networks size. There are
two convolutional layers of kernel size 3 x 3 which
are followed by maximum pooling layers of the same
kernel size. These four layers are followed by another
convolutional layer of kernel size 2 x 2 and fully
connected layer of size 128. The output of the R-Net
consist of a binary face classifier, face boxes of size 4
and facial landmarks of size 10. The R-Net is
responsible for further rejection of large number of
false candidates.

Stage three of the MTCNN model used is called
O-Net. The O-Net uses 48 network sizes in these
experimental setups. Each of the three convolutional
layers of size 3 x 3 was followed by maximum
pooling layer of same kernel size. These size layers
are followed by another convolutional layer of size 2
x 2 and further followed by a fully connected layer of
size 256. The output layer consists of the facial

classification, face bounding boxes and facial
landmarks. The parametric rectified linear unit
(PReLU) [50] was used as nonlinearity activation
function after each convolutional and fully connected
layer. The O-Net produces the final face
classification, face bounding boxes, and facial
landmarks position.

3.2.2 Escape routine

The template matching (TM) has been used as the
escape routine to rescue the main routine. The sum of
squared difference (SSD) [51] has been used for
matching the template image within the input image.
Mathematically, the normalized SSD method used
for TM algorithm in this work is expressed in
Equation (2). TM targets to detect a given template
image in the input grayscale frame on the basis of
best match procedure using sliding. As shown in
Figure 5, the template image is defined by a matrix
template m>n. In the main full frame searching area
the template can be matched at matrix (a, b) area. On
the other hand, the source image is defined by a
matrix test M>N.

The template matching procedure can be described
as locating the best location (a, b) for the template
image template m>n so that the match between
template matrix (1 : m, 1 : n) and test matrix (a : (a +
m—1), b : (b + n — 1)) is maximized within the
reasonable search area as shown in Figure 4.

Source
Image

Template
Image

Figure 4: Template matching schema diagram
3.3 The MROI concept

Figure 5 illustrates the MROI approach used for
this work. In the fixed margin approach the MROI is
taken as x percentage extra pixels of the total face
box area as the margin offset. While in dynamic
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margin approach a fixed percentage y and the
movement in face position between two consecutive
video frames Jy are taken into considerations.

N
Margin

Offset

7all

Figure 5: MROI illustration

On successful detection of face within the image
frame, the face position, region and template are
stored and the MROI is calculated around it. Several
experiments have been performed to select a the size
for the fixed and dynamic margin. The margin size
was started from 5% to 35% of the face area during
the margin size selection process. It can be observed
from Figure 6 that after 25% margin size there is no
effect on the face detection accuracy. The results
shown in Figure 6 are taken for the Haar cascade
method.

In view of the results shown in Figure 6, for the
fixed margin (FM), extra pixels around the face area
are taken at a fixed percentage x (i.e. 25%) on each
side. In dynamic margin (DM) calculation, y
percentage of FM is taken as compulsory margin
with the added pixels proportional to the change in
the face position Jy between two consecutive image
frames. The compulsory margin for the DM vy is
taken as 20% of the face region around each side of
the face region. In addition, the extra dynamic pixels
are taken as directly proportional to the distance
between the previous frame face position and current
frame face position.

FM Threshold accuracy - 300-W
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10 15 20 25 30 35

¥ Threshold 5
W Accuracy 75.2355 82.2548 87.1255 | 88.3565 90.1933 | 90.1933 | 90.1933

Threshold in percentage
Accuracy in Percentage
&

Figure 6: Threshold accuracy analysis for FMT
4. Proposed Algorithms

A total of six algorithms have been presented in
this paper in which we proposed five and one is taken
as state-of-the-art method. All the algorithms were
implemented for each of the three main routines (i.e.
Haar, joint-cascade and MTCNN). These algorithms
are named as below:

Normal Face Tracking (NT)

Fixed Margin Face Tracking (FMT)

Dynamic Margin Face Tracking (DMT)

Normal Template Matching Face Tracking

(NTMT)

5. Fixed Margin with Template Matching Face
Tracking (FMTMT)

6. Dynamic Margin with Template Matching

Face Tracking (DMTMT)

PN

The NT algorithm is considered as the state-of-the-
art algorithm. The rest of five algorithms are
proposed in this work. We can express the
application of main routine algorithm on a video (i.e.
sequence of frames) as in Equation (1). The
summation symbol in Equation (1) and the other
Equations in this paper represents the iteration.
Mathematically, the conventional full frame scanning
main routine can be expressed by Equation (1).

m=z

; Main(m) FB=0
m=1g
F,(z) = mez . (1)
3Main(m) otherwise
mzAFBXZ

In Equation (1), F, is the main routine algorithm
implemented in the conventional way where m is
pixels scale window. The frame is represented by z.
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There are two scenarios to calculate the minimum
and maximum size of the scale windows which is
dependent on whether the system has obtained a face
box FB from the previous frame or not. If the face
box FB is 0 then the minimum size of the window

will be 12—0 while the maximum is the size of the image

frame, i.e. z. On the other hand, if the system has a
face box FB then the minimum size of the window
will be 75% of the area of the face box Ars, While the
maximum size of the window will remain the same.
Setting the minimum and maximum scaled windows
size helps significantly in speeding up the detection
process by avoiding the faces which are less than the
minimum scaled window size. The notation used as
Main refers to the main algorithm, n represents the
normal tracking technique, which is the conventional
implementation.

Equation (2) represents the TM algorithm using
normalized sum of squared difference [51] as
discussed in Section 3.2.2.

/ Zx,y/(T(x’,y') —1(x+x';J’+y,))2 \

TM(x,y) =
\/leyl T(x’, y’)z. leyl I(x + x’,y + y’)Z/

. (2)

TM(x,y) is the equation for the template matching
algorithm. T is the template image while I denotes
the input image. Match metric contains each location
(x,y) in TM. The location within the template is
represented by (x',y").

The mathematical representations of the proposed
fixed and dynamic margin-based detectors are given
by Equations (3) and (5) respectively.

m=r
Frp(2) = Z 3 Main(m)
m:Apr

4

. (3)

wherer = (1 + Ab)b .. (4)

Frp, represents the fixed MROI approach for face
detection. In Equation (3), r is the region of interest
(ROI) extracted from the frame z. FB is the face box
detected in the previous frame, while Arg is the area
of the face box FB. The scaled window m was started
from a minimum size of 75% of the face box area
Ars, t0 @ maximum size r. If Ars is zero then the face
detector will use the default scaled window. Extra

pixels around the face area b are taken at a fixed
percentage of Ab at all sides. For the fixed MROI,
Equation (4) calculates the ROLl. In this work, Ab is
set at 25% for fixed MROI approach.

Fan()= ), Main(m) .(5)
m= Xz

wherer = (1 + Ab)b + Ap ..(6)

Fam represents the dynamic margin approach. It is
the same as Fy,,, except the r is calculated with extra
dynamic pixels Ap, which is directly proportional to
the face position movement in the prior two frames.
Equation (6) calculates the ROI r, where Ab is set to
20% for this work.

Equations (1) to (6) are used as the base models to
derive and implement the proposed algorithms in this
study. The base models are represented in Equations
from (7) to (12) by the name of the Equation. For
instance, F,(z) represents Equation (1), TM(x,y)
represents Equation (2), Frp,(2) represents Equations
(3) and (4), and F,,,(z) represents Equations (5) and
(6). The proposed algorithms are mathematically
represented from Equations (7) to (12). The MROI
approaches have been used in Equations (8), (9),
(12), and (12). Equations (8) and (11) express fixed
margin approaches, while Equations (9) and (12)
present dynamic margin approaches.

Fyr(z) = Fu(2) A7)
Fous(z) = { Fi,;((zz)) z=1|F,(z —Ogl:r;)’ illsgfm(z -n=0 @®)
Fowte) = [28) 27 HIRED 01120

F,(2) z=1|T=null| cnt =10
Feyrmr(@) ={ Fm(@  Fuz-1D)=11FmEz-1D=1 (11)
TM(x'y)z,cnt F"(Z) =0 " Ffm(z) =0

z=1|IT=null| cnt =10
F,(z—1)=1|Fg4,(z—1)=1 (12)
F"(Z) =0 " de(z) =0

Fu(2)
de(z)

Fpourmur(2) =
TM(X, y)z,cnt
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z=1 indicates the first frame of the video. The
cnt = 1to 10 is the counter for the escape routine
(i.e. TM) to process the subsequent 10 frames before
transferring back to the main routine.

In addition, a distance variable is applied to
measure the distance between the previous and
current frame face position. If the distance exceeds a
certain threshold (i.e. 30 pixels), it is considered as a
wrong detection and the face tracking switches from
main to escape routine for continuation of face
detection and tracking. Main detector randomly has
false detection; therefore such situations are
minimized by introducing the distance filter.

5. Datasets

Two datasets comprised of RGB videos have been
used for this work. These datasets include face
detection and tracking videos-20 (FDTV-20) [11] and
300 Videos In-the-Wild (300-VW) [12]. The datasets
were carefully selected in order to test the proposed
algorithms to handle the video data captured under
various conditions including indoor, outdoor, non-
frontal faces orientation, over exposed faces, various
cluttered backgrounds, and illuminations etc.

5.1 The FDTV-20 dataset

The FDTV-20 dataset comprised of 20 videos has
been created for this work and made available for
general public [11]. The videos were obtained from
YouTube and resized to resolution of 640x480.
Figure 7 shows some sample frames extracted from
the dataset used for this work.

Figure 7: Screen shots of some of the videos in the dataset.

Details of all the videos in the dataset are given as
below:
1. Each video contains a person in a lecture
delivery environment

2. The face in each video changes orientation
with scenes of both frontal and non-frontal face
orientations.

3. Videos length is 15 seconds with resolution
640 x 480 containing roughly 450 frames.

4. In each video, both camera and the person are

moving.

13 videos of male and 7 videos of female.

Truth table is provided to give information

regarding the face box and face position in the

format as: frame no, x1, x2, y1, y2.

oo

5.2 The 300-VW dataset

The 300 Videos in the Wild (300-VW) dataset [12]
contains 114 videos of length varies from one to five
minutes each. This dataset was mainly created for
facial landmark detection, however, the diversity and
variations exist in this dataset provided a perfect
opportunity to test the proposed algorithms over this
dataset for the purpose of face detection and tracking.
This dataset provides the opportunity to test the
ability of any algorithm to work on unseen subjects,
robust for wvariations in face orientation, facial
expression, various backgrounds, different video
resolutions, different illuminations, dark rooms,
overexposed shots, and occlusion.

A number of scenarios were considered during the
creation of this datasets. The videos were recorded
keeping in mind various unconstrained conditions
including well-lit rooms, dark rooms, various head
poses, people with glasses, children, beard, make-up,
facial expressions, indoor and outdoor, more than one
person but the focus should be one person, people
with different ethnicities, and people performing
various tasks. The tasks which the persons in the
videos perform include delivering lectures, speeches,
indoor talking in front of camera, outdoor shots,
singing and etc. 68 facial landmarks were provided
for each of the 218,597 video frames as the truth
table. Figure 8 shows a selection of snapshots
captured from a few of the videos.
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[6F] Widows 8.1 pro 64 bits
Software Language Python
Tool OPENCYV, Tensorflow for
MTCNN

6. Experiment details

The six algorithms as described in Section 3 were
implemented on each of the three main routines
resulting in eighteen models have been tested on the
FDTV-20 [11] and 300-VW [12] datasets to evaluate
the performance of each algorithm in terms of
accuracy (correct, incorrect, and not detected),
average time taken per frame in milliseconds, and the
ability of the whole system to process the number of
frames per second. Each algorithm was executed ten
times on each video file in each dataset. For instance,
while processing the FDTV-20 dataset, each face
detector and tracker algorithm was executed 200
times for all 20 videos. From the obtained results, the
accuracy, execution time and frames per second
(FPS) performance were calculated by taking the
average of all obtained results.

Table 1 shows the specifications of the
development environment. No graphics processing
unit (GPU) has been used during these experiments
and analysis.

Table 1. Hardware and software used for the system
development

CPU Intel® Core™ i5 CPU 650 @ 3.20
Hardware GHz
RAM 8 GB

7. Experimental Results

The accuracy has been calculated in a way if the
face position in the truth table lies inside the detected
face box or not. For each frame of the FDTV-20
dataset, we are provided with the x1, x2, y1, and y2.
In order to calculate the face position from this truth
table, the middle point of this truth table box was
calculated. To calculate the accuracy of the 300-VW
dataset, we have taken facial point number 28 as the
face position. The facial point 28 is the start of the
nose which is corresponds to the middle of any face
box. If the truth table’s face position lies inside the
detected face box then it was considered as correct
detection, otherwise it would incorrect detection. If
face was not detected then it would be considered as
Not Detected.

Figure 8 shows the complete accuracy analysis of
all the algorithms for FDTV-20 dataset including
correct, incorrect and not detected results.
Considerable high accuracies have been achieved by
the algorithms involved MTCNN. It can be also
observed that by introducing the TM based hybrid
model increased the accuracy quite significantly
among all the Haar cascade, Joint cascade and
MTCNN. The entire hybrid based models of
MTCNN including NTMT, FMTMT and DMTMT
achieved significantly improved accuracy. Overall,
using escape sequence based hybrid model
significantly improved the detection accuracy.
Among all the algorithms used, the best accuracy
results achieved are 99.31% for DMTMT and
99.28% FMTMT using FDTV-20 dataset.
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FMTMT, and 99.55% for DMTMT by using

Figure 9 shows the accuracy results for all the
algorithms applied on 300-VW dataset. The results
are based on correct, incorrect and not detected
parameters. It can be observed from this figure that
the inclusion of the escape sequence significantly
improved the accuracy of the system and hence
certify the results obtained over FDTV-20 datasets.
Considering a dataset of this big size, achieving the
accuracies of 99.75% for NTMT, 99.54% for

MTCNN as main routine suggest that the algorithms
using the proposed hybrid models perform robustly
for data captured under various conditions.

As the algorithms were developed keeping in mind
the real-time system with critical time constraints,
therefore, the importance of processing time and the
FPS processing ability is of great concerns. Figure 10
shows the processing time analysis of all the
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algorithms used in terms of how many milliseconds
each algorithm took to process a single image frame
for FDTV-20 dataset. Figure 10 also shows that the
MTCNN based algorithms were consistent in
achieving fast processing speed. Overall, the results
show that the incorporation of the MROI has
significantly improved the processing speed. It can be
observed from Figure 10 that an improved processing
speed can be achieved while using the FMTMT or
DMTMT. In the whole process also shows that the
Joint cascade and MTCNN works quite fast after
applying the MROI techniques resulting into huge
improvement in the processing speed. Figure 11
summarizes the processing time taken by each
algorithm during the entire face detection and
tracking process for 300-VW dataset. It is necessary
to mention that the processing time was the average
of the ten time executions of each algorithm.
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Figure 10: Processing time analysis — FDTV-20

The calculation of processing time for each frame
were used to calculate the FPS processing ability of
the system. It can be seen that after applying the
MROI techniques, the processing speed significantly
increased. Using MTCNN, the FMTMT and
DMTMT reduced the processing time from 52 to 11
milliseconds to process a single frame.
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Figure 11: Processing time analysis — 300-VW

We calculated the FPS ability of all the algorithms
used on the two datasets by using the processing time
each algorithm took. Figure 12 shows the FPS
processing ability for all the algorithms used over the
FDTV-20 dataset. Significant FPS ability has been
achieved with the FMTMT and DMTMT for Joint
cascade and MTCNN. With these algorithms the
system is able to process over 80 FPS.
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Figure 12: FPS processing ability — FDTV-20
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Figure 13 shows the FPS ability for all the
algorithms used over the 300-VW dataset. It can be
seen that the FPS ability significantly improved in the
algorithms involving the MROI techniques. The FPS
ability further improved in the MROI based hybrid
systems by taking advantage from the speedy face
detection using TM algorithm. In view of the results
presented in these figures, the proposed hybrid
models have successfully improved the FPS ability of
the system by at least 400%. For instance, the FPS
processing ability has been increased in the MTCNN
algorithm from 19 to 90 FPS.
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Keeping in mind the average face detection
accuracy, processing time and FPS processing ability
for each of the algorithm, it can be seen from the
results that the incorporation of template matching
and MROI significantly improved all the parameters
including detection accuracy, processing time and
FPS ability. The results also reveal that the dynamic
margin is better approach in terms of all the
parameters for detecting faces. These analyses reveal
that the dynamic margin approach shows quite robust
results in all aspects.

As the main research problem is to set a tradeoff
between accuracy and processing time, therefore, we
combined results with accuracy, processing time, and
FPS processing ability. The selection of a relevant
and desired algorithm has been done keeping in mind
those aspects. Figure 14 summarizes the complete
results regarding detection accuracy and processing
time for the three main routines for the FDTV-20
dataset. Summarizing all the results using main
algorithm parameters, the accuracy in Haar cascade
based approach increased from 65.35% (NT) to
93.62% (NTMT). But considering the processing
time parameter the NTMT does not contribute well,
hence contradicting the desired goal to present a
trade-off between accuracy and processing time. On
the other hand, FMTMT and DMTMT satisfied the
research goal of this project as both approaches have
significantly improved processing speed as well as
boosted detection accuracy. Considering DMTMT
approach particularly during Haar cascade based
system, it has increased the detection accuracy from
65.35% to 93.58% while decreasing the processing
time from 62.21 to 15.39 milliseconds (ms) per
frame. Similarly, FMTMT achieved accuracy of
93.32% with processing time as 16.90 ms.
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Figure 14: Accuracy and Processing Time Analysis — FDTV-20

Considering joint cascade based approach, the
DMTMT increased the detection accuracy from
67.36% to 93.70% while reducing the processing
time from 51.02 ms to 11.34 ms. On the other hand,
FMTMT achieved 93.19% detection accuracy with
11.82 ms processing time per frame. Considering the
MTCNN as main routine algorithm, the DMTMT
increased the detection accuracy from 97.64% to
99.31% while decreasing the processing time from
59.82 ms to 11.93 ms. Moreover, the FMTMT
achieved detection accuracy of 99.28% with
processing time of 12.22 ms.
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Figure 15: Accuracy and Processing Time Analysis — 300-VW

Figure 15 shows the combined results regarding
the accuracy and processing time for all algorithms
used for 300-VW dataset. Based on the previous
discussion we will focus and consider only the
FMTMT and DMTMT based results. For Haar
cascade, the DMTMT increased the accuracy from
89.52% to 98.12%, while reducing the processing
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time from 51.05 ms to 14.78 ms. The FMTMT
achieved 98.34% accuracy with 12.61 ms. For joint
cascade, the DMTMT achieved 98.46% detection
accuracy, while reducing the time from 40.84 ms to
12.38 ms. The FMTMT achieved 98.68% detection
accuracy with 11.51 ms processing time. For the
MTCNN based system, the DMTMT increased the
detection accuracy from 91.44% to 99.55% while
decreasing the processing time from 52.07 ms to
11.09 ms. Moreover, the FMTMT achieved detection
accuracy of 99.54% with processing time of 11.50
ms.

All the results reveal that the margin-based hybrid
approach significantly improves the detection
accuracy, processing speed and FPS processing
ability. For the face detectors, the FMTMT and
DMTMT approaches make the processing time
reducing by at least 400% when comparing with the
non-margin based algorithm. Both the FMTMT and
DMTMT were among the fastest approach. The
DMTMT based method has got an advantage to use
the dynamic margin, which is proportional to the
movement in the face position, to cover the fast face
moment in the video stream. For the MTCNN based
approach, both margin-based approaches could easily
handle a frame rate of more than 80fps in both the
dataset used in this work. All the results show that
the FMTMT and DMTMT significantly improved
performance in terms of both accuracy and
processing time.

8. Discussion

It has been observed that using complex features
based methods significantly decrease the divergence
from main routine to the escape routine. The reason
for this significant decrease is the ability of complex
features based method to tackle with rough situations
i.e. non-frontal face detections.

The accuracy, processing time and FPS ability of
Haar cascade are different from what we have
achieved in our initial work [44] on the earlier dataset
FDTV-10 [52] because we have used different scaled
windows size and also the Haar cascade based
method failed to detect faces in majority of frames in
two videos in the FDTV-20 [11]. All the results in
Section 7 reveal that using MTCNN as the main
routine has achieved significantly improved
performance in terms of accuracy and processing
time. It was observed that due to the simple nature of

features used in Haar and Joint cascade methods,
these two methods gave quite poor detection rate in
two videos in FDTV-20. On the other hand, the
MTCNN  algorithm has  shown  consistent
performance in processing the entire dataset
including those two videos. This consistency was
achieved due to the complex nature of features used
in MTCNN method which makes it better to deal
with more rough situations.

This observation shows that the Haar and joint
cascade failed to handle significant changes in face
orientation, while the MTCNN has less issue
handling variation in face orientation. This
observation reveals that the MTCNN is quite ideal to
be used as the main routine algorithm due to its
advance nature of features and robustness to tackle
several hard and real-world situations. Added with
our proposed margin based hybrid approach, the
resulting face detection and tracking system has
achieved further improved performance.

9. Conclusion

This paper presents hybrid models using two
routines and incorporating MROI techniques to
improve processing time and face detection accuracy.
Haar-cascade, join-cascade and MTCNN were used
as the main routine. Two MROI applications were
implemented, i.e. fixed and dynamic. Several
experiments have been performed on eighteen
combinations, which lead us to observe the effect of
each component of the system on processing speed
and accuracy. Using TM as escape routine helped
boost accuracy to handle various variations in face
orientation, background, image quality, facial
expression, illuminations, lightening, overexposed
shots, occlusion, and non-frontal face orientation in
images sequence. The MTCNN based face detectors
have achieved accuracy of 99.31% on FDTV-20 and
99.55% on 300-VW datasets. Incorporating MROI
based techniques significantly improved processing
speed without the use of GPU, i.e. by 400%, when
compare to the state-of-the-art method used as NT.
Both the hybrid FM and DM based approaches
achieve similar performance. However, it is observed
that the DM base setup achieved better performance
with good processing speed in all applied
combinations. The ability to detect fast face moment
and the excellent performance of the DM based
approach makes it a robust setup, hence a better
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choice. Further research can be performed on the
topic by adding more algorithms to each routine.
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