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ABSTRACT

COUNTING NUMBER OF PEOPLE IN DIGITAL IMAGES USING FACE
AND PEOPLE DETECTION ALGORITHMS

Husain, Samar Ittahir M.A
M.S., Computer Engineering Department
Supervisor: Assoc. Prof. Dr. Murat Koyuncu
June 2016, 66 pages

Counting the number of people in still images or video frames is an active research
area that is a challenge in the computer vision field. It plays an important role in a
variety of applications, such as security, management, education, and commerce. In
this thesis, we work on counting the number of people in digital images. People can
be seen differently in images, which requires the use of different techniques together.
Therefore, we use two different techniques, which are Face Detection method and
People Detection method, in order to estimate the number of people in an image. The
proposed method combines the outputs of the Face Detection and People Detection
methods in order to improve the performance of estimating the number of people in an
input image with low cost and simple hardware. We test three face detection
algorithms (Skin Color, Viola Jones LBP and Viola Jones CART) and a People
Detection method (whole body) which is based on the HOG feature and SVM classifier
to determine the best combination to estimate the number of people in input images.
We use 240 test images including 1,202 people from two different datasets (Groups of
Images of People and INRIA Person) to test the proposed system and determine the
best combination. We have obtained best Recall of 91% and Precision of 93.97% by
combining Viola Jones CART with People Detection method whereas by applying
Face Detection and People Detection methods (whole body) separately, we got best
Recall of 70.38% and Precision of 92.76% by Viola Jones CART method.

Keywords: Counting People, Face Detection, People Detection, Skin Color, Viola
Jones LBP, Viola Jones CART, Histogram of Oriented Gradients, Support Vector
Machine.



Oz

YUZ VE INSAN TANIMA ALGORITMALARI iLE SAYISAL RESIMLERDE
INSAN SAYIMI

Husain, Samar Ittahir M.A
Yiiksek Lisans, Bilgisayar Miihendisligi Boliimii
Tez Yoneticisi: Dog. Dr. Murat Koyuncu
Haziran 2016, 66 sayfa

Sabit goriintiilerdeki veya video karelerindeki insanlarin sayimi, goriintii isleme
alaninda zorlu bir aktif arastirma sahasidir. Bu alan, giivenlik, yonetim, egitim ve
ticaret acisindan bircok uygulamada 6énemli bir rol iistlenmektedir. Bu tezde, dijital
goriintiilerde bulunan insanlarin sayimi iizerinde ¢alisilmistir. insanlar goriintiilerde
farkli sekillerde goriinebilmektedirler ve bu durum farkli tekniklerin beraber
kullanilmasini gerektirmektedir. Bu bakimdan, bir goriintiideki insan sayisini tahmin
etmek i¢in, yiiz tanima metodu ve insan tanima metodu olmak iizere, iki teknigi
kullantyoruz. Onerilen bu metot, diisiik maliyetle ve basit donanim kullanarak, girilen
bir goriintiideki insan sayisini tahmin ederken performansi artirmak i¢in, yliz tanima
ve insan tanima metotlarinin ¢iktilarini bir araya getirmektedir. Biz, girilen
goruntdlerdeki insan sayisini tahmin eden en iyi kombinasyonu belirlemek igin, ¢ yiiz
tanima algoritmasini (Skin Color, Viola Jones LBP and Viola Jones CART) ve HOG
ozelligi ile SVM siniflandiricisina dayali bir insan tanima metodunu (tiim viicut) test
ediyoruz. Onerilen sistemi test etmek ve en iyi kombinasyonu belirlemek icin iginde
iki farkli veri kiimesinden (Groups of Images of People ile INRIA Person) 1,202 insan1
barmdiran 240 test goriintiisiinii kullantyoruz. Viola Jones CART ile HOG 6zelligi ile
SVM smiflandiricisina dayali insan tanima metodunu kombine ederek %91°lik en 1yi
Recall’u ve %93.97’lik en iy1 Precision’1 elde ettik, 0ysa, yliz tanima metodu ve insan
tanima metodu (tim vicut) ayri ayri uygulayarak, %70.38’lik en iyi Recall’u ve
%92.76’lik en iyi Precision’1 Viola Jones CART ydntemi ile elde ettik.

Anahtar Kelimeler: Insan Saymmi, Yiiz Tanima, insan Tanima, Skin Color, Viola
Jones LBP, Viola Jones CART, HOG, Support Vector Machine
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CHAPTER 1

INTRODUCTION

People counting is a process used in many computer vision and pattern recognition
systems to determine the number of people in a digital image or video. Such
information can be used for further analysis in a wide range of practical applications
related to education, commerce, security, management etc. For instance, people
counting systems used for security provide information about the total number of
people in the building and number of people on each floor in order to control the
number of visitors. People counting can also be used for pedestrian traffic management
[1, 2, 3, 4] and for fire management, where it is considered one of the most important
tools in fire cases. In addition, people counting applications are widely used in
commerce domains to measure marketing effectiveness. As can be seen from the given
examples, research on people counting is one of the most important active areas in the

computer vision field that can be applied in many daily life areas.

The output of people counting systems may be passed to other management systems
used in different areas such as public transport, industry, stations, airports, etc. There
are numerous examples that illustrate the significance of people counting systems. For
instance, in the commerce domain, the shopping malls, hypermarkets and others
depend on visitor statistics to measure marketing effectiveness and attraction of a
commercial site, and make new decisions. There are companies developing products
to offer such services. Tablel.1 shows some companies and their services in the field

of people counting systems.



Company name Services Web-site

Counting people in shopping centers,
Acorel company ) http://www.acorel.com
tramways, bus, and train, metro. etc.

Counting people in buildings such as

shopping centers, cinemas, museums, )
http://www.infodev.ca

Infodev company airports.
Counting passengers in vehicles such as

buses, light rail, trains.

Table 1.1. Products and services for commercial people counting

There are different techniques for people counting, which are roughly classified into
two main categories: vision-based and non-vision based counting systems. The vision-
based techniques can again be classified as tracking and non-tracking based counting

systems (Figure 1.1). Each class has specific strengths and weaknesses.

People counting systems

v v

Non-vision based system Vision based system

v v

Non-tracking approaches Tracking approaches

Figure 1.1. Classes of people counting system

In general, the non-vision based class of people counting systems include all systems
that are not based on video or image data from a camera, but from devices such as a

heat sensor, the light of an infrared beam, or pressure sensors [5, 6]. Heat-sensors often


http://www.acorel.com/
http://www.infodev.ca/

use an array of sensors and infer the number of people by detecting heat sources from
human bodies. These systems are usually carried out through embedded technology
and are installed overhead for high accuracy. Infrared beam sensors are the simplest
form for people counting and use a single, horizontal infrared beam across a doorway
to provide a light barricade, which is broken and counted each time a person walks
through the light. Pressure sensors are pressure pads, which are hidden in the ground.
When people walk through, the counter increases one by one to estimate the number
of people. The advantage of these systems is that they are not affected by
environmental factors like illumination changes. Nevertheless, there are several
weaknesses of these systems; counting humans is not easy if they are not clearly
visible, and they are able to work only on narrow paths. In addition, they work poorly
when people walk close to each other, and most of infrared beam sensors may be

exposed to withhold by insects etc [7].

In general, vision-based systems require multiple frames for processing. In addition,
the counting process of vision-based systems consists of defined direction of blobs to
increase in or out counter [8]. In recent years, vision-based systems have become more
popular in different scenes like in hot spots, streets and buildings, because vision-based
systems perfectly use infrastructure that is provided through security networks. In
addition, vision based people counting relies on the information that is given by a
security camera’s video stream in order to count people crossing. The main strength
of these systems is that they are not limited to narrow corridors or doors, but the
disadvantage is that they are limited by the coverage area of the cameras. Additional
challenges for vision-based systems include differences in environmental conditions
and occlusions between people. Some systems solve this problem by installing
cameras looking directly down to the floor [9]. The non-tracking vision-based
approach counts the number of people without any human tracking of groups or
individuals. Thus, this approach is suitable for a very large number of people in a
frame, unlike the tracking approach, which does not scale well with a growing number
of people. Because of their ability to count considerable numbers of people, these
systems are usually called crowd surveillance systems. The main weakness of the non-
tracking approach is that it gives the number of people that are included in a frame but

does not give information about the directions of people’s movements [10, 11, 12].



The tracking approach relies on tracking a person or clusters of people over time in a
video without large-scale changes, then, estimating the number of people. The
advantage of this approach is that it gives information about the number of people; the
direction of human movements, including from where to where a person has moved;
and the speed and height of humans, unlike previous approach that provides only
information about the number of people. The greatest disadvantage of the tracking
approach is that it is hard to distinguish individuals from the background and from
each other in cases where the people are close to each other, for instance, side by side
or behind one another [9, 13, 14, 15].

Most recent studies on people counting systems rely on computer vision. For example,
Yu et al. present an automatic Bi-directional People Counting method that is based on
people detection and tracking [16]. “Individual-Centric and Crowd-Centric”
approaches segment each crowd in an input image into individuals or groups of people,
and then analyze each segment separately in order to count the number of people [17].
Another People Counting technique employs a clustering scheme relying on Dirichlet
Process Mixture Models (DPMMs), which use outputs of a person detection system as
input and run it on each frame. Then, its output is used as a set of features relying on
temporal information, color and spatial for each detection. By utilizing these features,
it will be clear if there is any restriction on the number of clusters. Consequently, this
technique can determine an arbitrary number of groups of people and determine a
measure to calculate the true number of people that included in each cluster to estimate

the number of people within the scene [18].

People counting based on non-tracking vision based system (image processing) aims
to estimate the number of people in an input image. A people counting system that
relies on image processing is beneficial because it reduces the cost of surveillance and
the observers’ effort, and can also provide information about people including their
positions, clothes, and gender in addition to the total number people. People
information obtained from counting systems can be utilized in several potential
applications. There are a variety of methods used to count the number of people in
input images, which can be classified into two main approaches: the feature-based
regression approach and the individual people detection regression approach. In the
feature-based regression approach, the number of people is estimated by extracting

regressing of features from an input image, through utilizing a regression function.
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Generally, this approach is based on several steps, which are removing the
background, extracting features of the forefront segments, and finally estimating the
number of people through a regression function. The main disadvantage of this
approach is that it cannot determine the positions of people in an image and cannot be
executed in real-time [11, 19, 20]. In the second approach, the algorithms count the
number of people which are detected in an input image. This approach is not
appropriate for highly crowded scenes with remarkable occlusion because it is based

on detecting and segmenting all people [21, 22, 23, 24].

Broadly, counting people in a static digital image is more difficult than counting people
in video or real-time video because working on video assumes all moving objects as
people, which makes object detection easier. Recently, there have been many studies
related to counting people in videos, especially in real-time videos. Nevertheless, there
is little research on counting people in still digital images. Furthermore, most of the
people counting systems, which are based on video, include many components of
hardware and complex algorithms; and also the quantity of data is very huge.
Therefore, they are complex and costly. The main motivation of this study is to
overcome such difficulties in counting people systems with computer vision,

developing a simple system, low resource, and low cost.

In this thesis, we count and estimate the number of people in a static digital image
based on two different techniques, which are face detection and people detection
(whole body). Face detection and people detection play very important roles in the
computer vision field. Face detection is a computer technology that has been used in
several varieties of applications such as facial recognition, photography and marketing.
Face detection identifies human faces in an input digital image with a focus on the
detection of frontal human faces. Therefore, face detection is an important part and the
first step of automatic face recognition. Furthermore, people can be counted based on
the number of people’s faces that are detected in a digital image. Notably, there are
many methods that can be used to detect people’s faces such as skin color based
detection and window sliding with a map of face in the images [25, 26, 27, 28]. On
the other hand, people detection is a fundamental and important task in many computer
vision applications; also, it provides essential information for semantic understanding
of the video scenes. It can be used in different industrial applications such as

automotive applications due to the potential for improving safety systems, industrial

5



applications for person avoidance by robots in a factory and following of people with
heavy equipment or tools, security applications for autonomous patrolling of secure
areas. Although there are some challenges, people detection remains an active research

field of computer vision in recent years [29, 30, 31].

The main problem that we discuss in this study is how to count the number of people
in different images. People can be seen differently in images. For example, counting
the number of people in an image with a few people with clear faces is different than
counting the number of people in a crowd. In addition to that, there may be many
different challenges in images. For instance, the occlusion between people and
variation in environmental conditions are some challenges in people counting systems.
Input digital images have a broad degree of variation in the unconstrained
environments, level of illumination, image dimensions, skin color, similarity between
background color and people’s cloths, quality of image, people’s closeness to each
other that make people detection more difficult. Therefore, the aim of this thesis is to
overcome such challenges. To achieve this, we work on different face detection
algorithms (Skin Color and Viola Jones) and people detection based on the HOG
feature and the SVM classifier to determine the number of people in an image. In order
to improve the performance for automatically estimating the number of people in an
image, we propose a reliable, accurate, simple and fast method, which combines Face
Detection and People Detection methods. Moreover, the proposed method requires

hardware components with low cost and complexity.

The people counting systems based on Face Detection and People Detection methods
provide further information such as location and appearance of people that is missed
by the non-vision infrared beam systems, which counts the number of people without
further information. In other words, its information is restricted with counting data
only for people. In addition, the performance of people counting systems that are based
on an infrared beam counter is less accurate than digital image and video systems. The
information obtained from a people counting system based on digital images can
provide useful information for further analysis in different practical applications, e.g.,
in a fire case, we can learn the approximate number and locations of people in a
building.

As visualized in Figure 1.2, this thesis has been separated into five main chapters. We

start by presenting general background about people counting systems in computer

6



vision field with a summary of potential problems that may be faced while working on
a people counting system. In chapter 2, we provide a literature review related to the
counting people field and its methods. Then in chapter 3 we explain People Counting
methods step by step in detail, and propose some improvements to increase the
accuracy of our system. In addition, we present an overview for datasets used in this
thesis. In chapter 4, we discuss all results obtained from our experiments, and show
the comparison between different methods that we use. Finally, in chapter 5, we
summarize the conclusions. In addition, we list future work in order to give readers

some ideas about how to improve people counting systems.

CHAPTER 1: CHAPTER 2: CHAPTER 3:
INTRODUCTION LITERATURE METHODOLOGY
REVIEW

|
CHAPTER 4: CHAPTER 5:
RESULTS & CONCLUSIONS &
DISCUSSIONS FUTURE WORK

Figure 1.2 Thesis Structure



CHAPTER 2

LITERATURE REVIEW

Counting the number of people in images is an interesting study area and has been
given significantly attention in recent years. In addition, it is perceived as a substantial
module for many computer vision applications and provides useful information that
can be used for further analysis in a wide range of practical applications related to

education, commerce, security, and management.

Counting the number of people in videos and digital images are types of the vision-
based classes. Counting the number of people from video relies on tracking a person
or clusters of people over time in a video without large-scale changes, then, it gives
information about the number of people, direction of human movements. However, it
is hard to distinguish persons from the background and from each other in case the
people are close to each others. Counting the number of people from images counts
the number of people without any humans tracking of groups or individuals. Moreover,
this approach is suitable for very large number of people in a frame, unlike tracking
approach that does not scale well with a growing number of people. Nevertheless, it
does not give information about the movement directions of people. Although counting
the number of people from images and counting the number of people from videos
have many mutual ingredients, they might be diverse in the core approaches of
classification. Therefore, in following sections we are going to present the different
methods and approaches that have been proposed in order to estimate the number of

people.

In this thesis, we aim to count the number of people in digital images and to achieve

that we use different methods and propose a new method which combines Face



Detection and People Detection methods. Therefore, in the first section, we give a
general review of some robust approaches and existing methods for counting people,
which is the main topic of our thesis. Then, in section 2.2, we show a brief summary
of papers about people detection approaches. Section 2.3 presents an overview of the

papers that study face detection approaches.

2.1. People Counting Approaches

There are many different people counting systems, which roughly can be classified
into two main classes: vision-based people counting approaches and non-vision based

people counting approaches.

2.1.1. Vision-Based Approaches

Vision-based systems are the most commonly used class of people counting systems,
which requires multiple frames for processing. In addition, the counting process of
vision-based systems is extended with the direction of blobs to enrich provided

information.

Much research has been done in this area. For instance, Zhao et al. [32] developed a
people counting approach based on face detection, tracking and trajectory
classification. A standard Face Detection method was used in addition to using a face
tracking method by combining a Kernel-based Tracking algorithm with a Kalman
filter. They extracted the angle histogram of neighboring points from each potential
face trajectory. Then, K-NN was used to classify the extracted data. As a result, by
applying this approach on a dataset with more than 160 potential people trajectories,

they achieved an accuracy rate up to 93%.

Lempitsky and Zisserman [33] proposed a very flexible learning framework based on
the MESA-distance to count people in images. They confirmed that using limited
amount of training data may lead to much higher accuracy than counting-by-
regression, which directly optimizes the accuracy over the image. The advantages of
their system are its accurate counting and fast processing time. By using 2,000 video
frames from a camera overlooking a busy pedestrian street, they achieved 96.5%

detection accuracy.



Liu et al. [34] present a surveillance system that consists of crowd segmentation, visual
tracking, a counting recognition module, and auto calibration. Their system is able to
count the number of people leaving or entering any specific place by segmenting
groups of people into individuals. To evaluate this system, they recorded a 10-minute
video taken from a fixed camera at about 6 meters above the ground, and the system
worked efficiently.

Bansal and Venkatesh [35] presented a method that uses SIFT, Fourier analysis,
wavelet decomposition, GLCM features, and low confidence head detections, as
multiple sources to estimate the number of people in high density crowds from still

images. By using a dataset with 100 images, they reported an accuracy of 99.4%.

Subburaman et al. [36] estimated the number of people in a crowded scene based on
head detection region by using a state-of-the-art cascade of boosted integral features.
Two different databases were used to evaluate their approach: PETS 2012 and Turin

metro station databases. Consequently, an accuracy of 95% was achieved.

Rahman and Islam [37] identified the boundaries in the whole image's objects by
converting it into a grayscale image and finding suitable threshold value in it.
Depending on these boundaries, they counted the objects number in the image. In
addition, they used a watershed segmentation technique to overcome the problem of
the noise of the image, which results in counting wrong objects number. The method

gives accuracy up to 96% with high definition images.

Topkaya et al. [18] presented a people counting system based on using different
features such as time, place, and colour. In their system, they used HOG feature and
the nonparametric nature of the Dirichlet Process Mixture Models (DPMM) in order
to detect the number of clusters and count the number of people. They evaluated their
system on PETS [38], Peds2 [39], and BEHAVE [40] datasets and achieved an

accuracy of 95.1%.

Wang et al. [41] tried to present a simple method that can count the number of people
in an image by using feature extraction and pattern recognition techniques. First, they
used a Gaussian Masking method and a morphological background modeling in order
to detect the targets more effectively from the image. Then they employed the HOG
feature to extract meaningful characteristics of people's shape and appearance. In

addition to edge features and texture features, HOG features were used to train a

10



support vector regression machine and present the number of people within the image.
Consequently, they were able to get counting performance of 97.12% by applying their
method on the UCSD dataset, which was divided into 600 images as a training set and

1,200 images as a test set.

Chan et al. [42] showed how to estimate the size of inhomogeneous crowds without
using tracking techniques. Their privacy-preserving system depends on using the
mixture of dynamic textures motion model to segment the crowd into groups of
homogeneous motion. Then, they extract the features from each segmented region.
Then Gaussian Process regression is used to evaluate the consistency between the
number of people and the features per segment. Finally, they validated their system on
a large pedestrian dataset containing 2,000 images. The result of this method was 98%

success counting rate.

Dan et al. [43] present an accurate people counting system based on sensor fusion,
which is robust to the crowded condition and illumination variation. The proposed
system composed of people detection based on human modeling, lost depth data
recovery algorithm, and individuals tracking using both color and depth data. First, a
morphological operator processes the depth image to relieve depth artifacts such as the
lost data and optical noise. Then, the human model extracts the object from the pre-
processed depth image. Finally, by applying the bi-directional matching algorithm, the
track of the detected object is established. Consequently, experimental results in

various testing environments show that the algorithm realizes over 98% accuracy.

Teixeira and Savvides [44] used a Lightweight method in indoor camera sensor
networks for counting and localizing the people. The algorithm uses a motion
histogram to detect people based on size and motion standards. Their algorithm has
been tested and implemented on a network of iMote2 sensor nodes. As a result, they

were able to reach a counting accuracy up to 88.6%.

2.1.2. Non-Vision Approaches

In general, the non-vision-based category of people counting systems includes all
systems that are not based on images or video data from a camera device. Examples

are a heat sensor, the light of an infrared beam, or pressure sensors.
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Several methods have been published to estimate the number of people with a non-
vision approach. Li et al. [45] presented a People-counting method dependent on a
back propagation (BP) neural network using a photoelectric sensor. This effective and
flexible sensor is used to collect data, recognition and counting the number of people.
At first, they used a data segmentation approach. Then, they applied a features
extraction technique to extract characteristic parameters of a pulse sequence, which is
used to decrease computational complexity. Finally, they employed the BP network as
an adaptive and robust classifier. The presented people-counting results are promising

and have low false rates.

Yang et al. [46] estimated the number of people in crowds by using a simple image
sensor, which segments frontal objects from the background, collects the resulting
shadows over a network, and computes a planar projection of the scene’s visual hull.
They also applied a geometric algorithm that eliminates the phantom regions, and then
gathers the individuals' number in each projection region. Typically, the results are
promising where the system allows them to count a much larger crowd in a much larger

area.

Zhang et al. [47] used three methods—Mean shift, Random Forest and Water Filling—
to count the number of people based on a vertical Kinect sensor, which is robust to
remove the effect of appearance variations. However, by doing several experiments,
they obtained meaningful accuracies of 50.67%, 91.05%, 99.16% for mean shift,
random forest and water filling methods, respectively. Moreover, they obtained recall
rates of 89.09%, 83.87%, 98.42% with mean shift, random forest and water filling
methods, respectively. According to the particularity of the depth map and the results,
they recommend using a novel unsupervised water filling method that can find the

correct regions with the property of scale-invariance, locality and robustness.

2.2. People Detection Approaches

People detection is a fundamental and important task in many computer vision
applications; also, it provides essential information for semantic understanding of the
video scenes. Many methods have been presented in order to solve the people detection
problem. Englebienne and Krose [48] presented a template-based method which can

automatically detect the number of individuals in a frame. In different locations and
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poses, they manually annotated 646 images in the ground plane of the individuals
shown in the image with different annotators and ran the annotation three times for
each image. By comparing template-based method to a state-of-the-art background
segmentation algorithm, the method exhibits its effectiveness and accurate

performance advantage due to its ability to run at near real time frame rates.

Pishchulin et al. [49] investigated the possibility of using training data generation in
3D human body models. They applied Rendering-based Reshaping method in order to
create many artificial training samples from only a few views and individuals. To do
so, they used the Histogram of Oriented Gradients (HOG) feature extractor and the
pictorial structures model. In addition, they used 3 databases: the Reshape training
dataset which contains 2,000 images; the CVC training dataset which has 3,432
images; and the Multi-viewpoint dataset, which has 1,486 images. As a result, they
could improve performance by combining different datasets, achieving up to 87%

accuracy.

Tang et al. [50] investigated multiple people detection in crowded places. They
developed and trained a joint model to detect both single or pairs of people even under
different degrees of occlusion. The result of this method was 90.5% success detection
accuracy by working on two datasets: “TUD-Pedestrians,” which contains 250 images,

and “TUDCrossing,” which contains 201 images.

Corvee et al. [51] used two descriptors/features to extract main information from the
Images that are Local Binary Pattern (LBP) and Mean Riemannian Covariance Grid
(MRCG). The LBP has been used to detect faces, heads and people, whereas MRCG
has been used to obtain highly discriminative human signature by model appearance
of tracked people. Moreover, the proposed methods were evaluated by using state-of-
the-art algorithms. They used the INRIA human dataset, which consists of 1,132
human images (positive samples), and 453 images of background scenes containing
no humans (negative samples). Consequently, detection accuracy of 85% was

achieved.

Mozos et al. [52] addressed the issue of people detection by using multi-layers of 2D
laser range scans. Each layer contained a classifier that was able to detect a specific
body section such as an upper body, a head, or a leg. These classifiers have been

learned by using a supervised approach based on AdaBoost. This kind of proximity
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sensor is used in robotic applications, which provide a high data rate and a wide field
of view. Accuracies of 86.2%, 84.4%, 94.3% in head, upper body, and leg, were

achieved, respectively.

Garcia-Martin et al. [53] presented a new algorithm in order to detecting people based
on motion data. The algorithm creates an individual’s motion model depending on the
Implicit Shape Model (ISM) Framework and the MoSIFT descriptor. Moreover, they
proposed a detection system that combines tracking, motion and appearance
information. However, experimental results over progressions extracted from the
TRECVID dataset with 6,353 images (frames) show that their motion-based detector
generates results similar to the ISM State-of-the-art approach. The valuation of the
system’s performance shows how the combination of different information sources
obtains a significant improvement in recall, improves the final detection accuracy, and
a slight precision reduction. They made many experiments but the best-achieved

precision ratio was 93.9%.

Bourdev et al. [54] developed a new people detection algorithm by using poselets.
They used 2D annotations due to they are much easier for body annotators.
Furthermore, they considered the detection scores of nearby objects in the place, which
lead to improve the object detection. This can be done by training a multi-layer Feed-
Forward network with weights set using a Max Margin technique. The repeated poselet
activations are then clustered into alternately hypotheses where consistency is based
on determined locative key-point distributions. Finally, bounding boxes are estimated
for each individual’s hypothesis, and segmentation can be provided by aligning the
shape masks to edges in the image. They used the H3D training set, which contains
750 images; the PASCAL VOC 09 training set, which contains 2,819 images, and 240
images added manually from Flickr. As a result, they obtained an average precision of
47.8%.

2.3. Face Detection Approaches

Detecting human faces in images has attracted the attention of wide number of expert
in the computer vision field. One of the pioneering studies related to this area was done
by Viola and Jones [55]. They depicted a machine learning approach for detecting

visual objects very quickly and accomplished high rates of object detection. This study
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is distinct for three main contributions: First, the “Integral linage” permits the features
used by the classifier to be computed rapidly. Second, based on Adaboost, a learning
algorithm chooses a little number of basic visual features from a larger set and
produces effective classifiers [56]. The third contribution is permitting the image’s
background spaces to be readily disposed of by using a method for combining
classifiers in a “cascade”. They trained Adaboost procedure with 9,544 images to

obtain a face detection accuracy of 93.9%.

Wong et al [57] presented an efficient method for feature extraction and face detection.
The idea of this method depends on using the genetic algorithm to detect the location
of the face regions. This algorithm is applied to determine conceivable face regions in
an image. Then, they applied Eigen face technique to determine the appropriate

regions. The MIT face database was used to validate the performance of their method

and they claimed 95.3% detection accuracy.

Khan et al [58] studied how to find a suitable color space for skin detection by
evaluating the effect of the luminance component and transformation to a color space
to increase performance on skin detection. Then, they found the proper pixel by using
a color-modeling technique. Finally, by applying color constancy algorithms on 8,991
images collected from the Internet, they were able to obtain accuracy of 74.5%.

Wu et al [59] studied using fuzzy set theory to determine faces in color images. They
used two fuzzy models; the first one is used to extract skin color regions, while the
second one is used to extract hair cooler regions. To detect the face, they compared the
previous models with prebuilt head-shape models by applying them to 223 images

collected from the internet. They have reported 97% detection accuracy.

Lin [60] presented a scheme in order to detect human faces in different backgrounds
and illumination conditions. This scheme consists of two stages, the first one uses
YCbCr colour space to search on possible face regions depending on color and
triangle-based segmentation. The second one uses multilayer feedforward neural
network in order to verify a face. In addition, the system can classify varied face's sizes
even with different facial expressions and illumination conditions. In this study, Lin
used 1,500 images from the AR face database and got a face detection precision of
98.2%.
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Froba and Ernst [61] worked on two folds; the first part is related to object detection
by illumination invariant Local Structure Features. They proposed a Modified Census
Transform in order to increase performance, and then showed some faults and how to
overcome them. The second part is related to improving the speed of detection. To do
so, they used a four-stage classifier, where each stage was composed of group of
feature lookup-tables. Consequently, by working on 1,526 images selected from BiolD

database, their method achieved a detection accuracy of more than 90%.

Osuna et al [27] researched the utilization of Support Vector Machines (SVMs) in
computer vision field. In addition, they presented how to train an SVM classifier on a
very large dataset by using a decomposition algorithm. This algorithm is used to
evaluate optimality conditions to create enhanced iterative values and build up the
ceasing criteria for the algorithm. By using 336 images taken from the Database of
Faces, they claimed a detection accuracy of 74.2%.

Ghimire and Lee [62] proposed a human faces detection method in color images. Their
method is lighting insensitive, which is based mainly on the extracted information
about edge and skin in color image. In details, they enhanced the images taken from
different illumination conditions. Then, the skin color segmentation is conducted in
YCbCr and RGB space. Finally, by using the Skin Tone Percentage Index method, the
results were refined. However, they selected 302 face images from the FRGC database
[63] to evaluate the performance of the proposed method, and they achieved 85.96%

successful detection accuracy.
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CHAPTER 3

PEOPLE COUNTING METHODS USED IN THIS STUDY

Most techniques that have been used for people counting are based on tracking and
moving object detection, which assumes that all moving objects are people. However,
we need a new method for counting people in digital images. People can be seen
differently in images, which requires the use of different techniques together. For
example, counting the number of people in an image with a few people with clear faces
is different than counting the number of people in a crowd. Using the same technique
for these two different images will not give a successful performance. Therefore,
firstly, we have analyzed images to determine image categories according to people
inside. Our result is that there are three main categories which require different
techniques for people counting. The first category includes images which contain
people with detectable faces (see Figure 3.1) and we hypothesize that face detection

algorithms may give successful results for this category.

Figure 3.1: People with detectable faces
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The second category includes images having whole bodies. For this type, face
detection algorithms cannot produce successful results since faces are not clear (see
Figure 3.2). We assume that whole body people detection algorithms can be used for

this category.

Figure 3.2: People with whole body

The last category includes images of crowds for which neither face detection nor

people detection algorithms can be used (see Figure 3.3).

Figure 3.3: Crowds of people

In this study, we tested two different techniques: the Face Detection method and

People Detection method, in order to estimate the number of people in an image. We
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propose a new method, which combines the outputs of the Face Detection and People
Detection methods, in order to improve the performance of estimating the number of
people in an input image with low cost and simple hardware. Figure 3.4 shows our
proposal to count the number of people in a static image.

Detect people in an image
“Whole body”

|

Detect human faces in an
image

Combine the results of
Face detection method &
People detection method

If one person
detected by
both methods
at same time

Cancel the result of people
detection method

No

Y

Count the number of people 1'7
Process complete

Figure 3.4: General methodology for people counting system

In general, the system inputs a digital image and then applies the People Detection
method to detect people. It applies one of the following Face Detection methods: Skin
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Color face detection, Viola & Jones CART face detection, or Viola & Jones LBP face
detection in order to detect a human face within an image. After that, the results are
combined. Thus, if a person is detected by both methods (Face Detection method and
People Detection method), the system should count the number of people in an image

taking this information into account.

3.1. People Counting Based on Face Detection Methods

Face detection is a specific class of object detection and plays important role in
distinguishing and recognizing people, which can be used to check whether the given
input image or video frames contains any human face or not. Face detection algorithms

return the human face's location in the image if found.

In this study, we work on three different methods for face detection in order to estimate
the number of people in an input image. These methods are; (1) face detection based
on Skin Color, (2) face detection based on Viola Jones LBP method and (3) face
detection based on Viola Jones CART method. These methods are discussed in details

below.

3.1.1. Face Detection Based on Skin Color

People’s skin color has been used as an effective way for feature extraction in various
existing applications of face detection. The Skin-Color Face Detection method has
been used to find the face region in an input image based on the Color-Model. It is a
very popular and simple approach. Skin color pixels are represented by different color
models such as RGB [64, 65, 66], Hue Saturation and Intensity (HSI) or Hue
Saturation and intensity Value (HSV) [67,68,69,70], YES [71], CIE LUV [72], YCbCr
[73,74], CIE XYZ [75] and YIQ [76,77], normalized RGB [78,79,80,81,82, 83, 84],
etc. In order to detect a human face, the skin color feature is not enough to get sufficient
results. If only the skin color information is used, it may lead to an increase in the false
ratio of face detection. For instance, when human faces are close to each other, it is
difficult to distinguish them. Therefore, many of the modular systems utilize a
combination of several features, such as size, shape, skin color features, and color
segmentation to detect head and faces [69, 72, 85, 86].
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In this thesis, we test face detection based on Skin Color to detect multiple faces in a
digital image, and then we count these faces to estimate the number of people in an
input image. The general algorithm of this method can be divided into seven steps

which are:

1- Input a digital image
2- Alter the color space
3- Detect face region
4- Extract face model
5- Reduce noise

6- Detect face

7- Count people

In order to improve the performance of skin detection in color images, we use the
combination of HSV and YCbCr color spaces. Then, we detect faces and count each
detected face in an input digital image. The steps of our implementation are given in

Figure 3.5 and explanations of these steps are given next.
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Input an Image

v

Alter the color space

Calculate the intensity of HSV. For
each face

Calculate the Cb and Cr of each
face

'

Detect face region

Get the average value for every faces

v

Extract the face model from Image

!

Reduce noise by removing the small-
connected pixels from image

\ 4

Detect the faces

Implement the morphological
operator for binary image

y

| Count each detected face |

Process complete

Figure 3.5: Steps of people counting based on Skin Color face detection.
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e Alteration of color space:

There are many types of color space that can be used to label the pixels in an image as
skin color such as RGB, HSV or HIS, normalized RGB and YCbCr, etc. The skin color
model requires selecting a suitable color space first before locating candidate face
regions. Therefore, in order to improve performance of skin detection, this method
combines two types of color space that are HSV and YCbCr. Thus, in the first step the
input image is transformed from RGB color space to HSV and YCbCr color space
individually (as shown in Figure 3.6) because the variance in illumination
environments cannot be described by using RGB. Equation (1) shows the conversion
from RGB color space to HSV color space, equations (2) and (3) show the conversion

from RGB color space to YCbCr color space:

2R = 6)+ R~ B))

H = arccos

JVR-6)?+R-B)G —B) 1
Bk 3min(R,G,B) ____________________________________ ( )
T  "R+G+B

1
V=3R+G+B)

Y'= 16+ (65481 R+ 128553-G'+ 24.966-B)
Cp= 128+ (=37.797-R— 74203-G'+ 1120-B) —ceccemecececoemeeoeeeeee (2)
Cr= 128+  (1120-R— 93.786-G'— 18214 B
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(@) (b) (©)

Figure 3.6: The result of color space conversions
(a) RGB color image (b) YCbCr image (c) HSV image

e Detection of face region:

To extract skin color, the input color image (see Figure 3.7) is segmented based on a
combination from two types color model—HSV color space and YCbCr sub color
space—in order to increase the accuracy of classifying the region of an image as skin
or non-skin. Thus, we calculate the intensity of the HSV color space for each face in
an input image. Then we calculate the intensity of Cb and Cr color space for each face
in an input image in order to get the average value for every face in the image to obtain
adaptable threshold value by that feature. A threshold value should be applied to decide
whether it is related to skin or not. Next, we segment the image based on HSV, Cb, Cr
components to detect skin regions of the face, and use thresholding for every pixel to
estimate face area. All the pixels are classified as face region if the values of Cr new, Ch

new, HSVnew fall within the following ranges:

Cr'l < Crnew< Cr+1
Cb'l < Cb new < Cb+1
HSV-1 <HSView < HSV +1
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Figure 3.7: The result of face region detection

(a) Original image (b) Segmented skin regions image.

e Extracting face model:

This step uses the morphological reconstruction from morphological mathematics and
a robust transformation of image processing in order to extract the shape of face model
as human face. The morphological reconstruction has two unique properties of
processing; these are a structuring element and two images, which are a marker image
and a mask image, instead of a structuring element and one image. The structuring
element is commonly used to specify connectivity. In addition, the marker image
includes starting points that can be used for the transformation and other images, but
the mask restricts the transformation. However, determining the marker and
structuring element, plays significant role of the morphological reconstruction.
Therefore, this method uses the open operation of morphological reconstruction as
maker image with 8*7 pixels structuring element to reconstruct the shape of faces
detected, which can nearly describe the shape of human being faces. After extracted
information about the shape face candidates, the skin region is classified as face region
if:

2

- The height of skin area “h” is larger than the width of skin area “w

- The ratio of “h/w” is less than 2.
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In other cases, the region is classified as non-face area.

e Reduce noises:

After finding the area that has the face pixels, some pixels may be noise and mistakenly
determined to be face. Therefore, these pixels should be removed by rejecting the
connected region, which is smaller than a typical region of a face. We use a simple
binary erosion of morphological operation to reduce the noise with fill holes or gaps

(see Figure 3.8).

Figure 3.8: The result of noise reduction

(a) Remove a small-connected image (b) Filled-hole image

(c) Color image after hole-filling

e Face detection:

After implementing previous steps, the people’s faces are detected with drawn

bounding box around each face in an image as shown in Figure 3.9.
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(a) (b)
Figure 3.9: The result of face detection based on Skin color

(a) Original image (b) Final-result for face detected

e Count people:

In the final step, we count the number of people based on the number of faces detected

in an input image as shown in Figure 3.10.

—

: Number of People is: 5

(@) (b)

Figure 3.10: The final-result of people counting based on skin color face detection

(a) Original image (b) Final-result for counting people
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3.1.2. Face Detection Based on Viola-Jones Method

Viola-Jones is the first framework for object detection that can provide competitive
rates of object detection in a real-time domain. It was presented by Paul Viola and
Michael Jones [55, 87] in 2001. Viola-Jones face detection is a robust and quick
method compared to other techniques released at that time. This algorithm is based on
sub windows with a fixed size (24x24 pixels), which can be slid over the entire image
and which looks for a specific Haar feature. In addition, it denotes every position of a
human face candidate. Therefore, if one of the Haar features is found, then the sub
window passes to the next stage of face detection algorithm; this sub window has the
ability to be scaled instead of rescaling the input image in order to get a variety of

different sizes of human faces.

There are four main stages in the Viola-Jones face detection algorithm, which are
extraction of Haar features, generation of an Integral Image, application of Adaboost

algorithm and finally cascading classifiers. These stages are elaborated below:

e Extraction of Haar features
Haar-like features represent different types of rectangles that have two-rectangle,
three-rectangle and four-rectangle features. This Face Detection method is based on
more than one rectangular feature; these features are used in Cascaded classifiers as
input features, as shown in Figure 3.11. In addition, the pixels summation in white
region of rectangles is subtracted from the pixels summation in gray region rectangles.

| @ (D

(a) (b) (©)
Figure 3.11: Types of rectangle features

(a) Edge-rectangle features (b) Line-rectangle features (c) Four-rectangle features

28



e Integral Image
Integral image is an intermediate representation, which provides the ability to compute

rectangle features very rapidly at several scales. Furthermore, it can be computed by
using a few operations in each pixel of an image. Therefore, the location (x, y) of the
integral image represents summation of the original image’s pixels above and to the

left of (X, y), as shown in Figure 3.12.

(@) (b) (©)

Figure.3.12: The generation of Integral image

(a) Represents pixel value in (X, Y) (b) Image in size 3x3 (c) Integral image

e AdaBoost
The final result of feature extraction produces a lot of data, which is over fitting. These

large numbers of features must be reduced. Therefore, the Viola-Jones face detection
algorithm uses AdaBoost, which was introduced in 1995 by Freund and Schapire [88,
89]. In addition, it is an efficient classifier to train and is used for feature selection by
selecting a small number of best and significant features in a sub window of a digital

image, then combining them in order to create an effective classifier.

e Cascading Classifiers

Cascading classifier is an important component in the Viola-Jones algorithm, which is
used to combine weak classifiers in a “cascade “of stages. Furthermore, it provides the
ability to discard background regions quickly in an image while spending additional
computation on promising human face-like regions. As shown in Figure 3.13, the input
sub-windows are passed through a sequence of stages during detection. Thus, each
stage determines whether a given sub-window is a face or not a face. When a sub

window is classified as not-human-face by a given stage, it is promptly rejected. On
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the contrary, a sub-window that is classified as a human face is passed into the next
stage of the cascading classifiers

Stage 1 i N Stage 2
Is input a face? | ! Is input a face?

' Definitely not! ! ' Definitely not! !

ey et el ot

Discard input Discard input

Figure.3.13: The flow work of cascaded classifier

e Vision Cascade Object Detector
The Computer Vision System Toolbox presents the Cascade Object Detector. It can
detect different categories of objects which have fixed aspect ratios, such as human's
faces, cars and stop signs, etc. It uses a sliding windows approach, which is a common
and simple technique for identifying and localizing objects in an image by sliding a
rectangular region of specified width and height over an image. In this thesis, we use
the Cascade Object Detector method, which uses the Viola-Jones face detection

algorithm [87] that is already implemented in Matlab R2015a software.

In order to detect upright facing and forward facing of multiple human’s faces in an
input digital image, we use the Cascade Object Detector method that consists of several
pre-trained classifiers. However, two different types of classification models are used
with the Cascade Object Detector, which are FrontalFaceCART (Classification and
Regression Tree Analysis) and FrontalFaceLBP (Local Binary Pattern). Figure 3.14
shows the methodology overview of people counting systems based on the Viola-Jones

Face Detection method.
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Input an image

Use one type of features
extraction

FrontalFaceCART

FrontalFaceLBP

Use Cascade classifier

\ 4

Count each detected Face

A 4

<Process complD

Figure.3.14: The methodology overview of a people counting system
based on the Viola-Jones face detection method
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e FrontalFaceCART

This type of classification model consists of several weak classifiers, which use Haar
features to encode facial features in an input image, and relies on regression tree
analysis (CART) in order to model higher-order dependencies between facial features
of faces in an image. Figure 3.15 shows the result for Viola-Jones face detection by
using FrontalFaceCART model classification.

-

Number of People is: 5

(@) (b)
Figure.3.15: The final-result of people counting based on Viola-Jones face detection
method (a) Original image (b) Final-result of FrontalFaceCART model

e FrontalFaceLBP

This type of classification model also consists of several weak classifiers that rely on
a decision stump, but these classifiers use LBP instead of Haar features to encode facial
features and provide robustness against differences in illumination. Figure 3.16 shows
the result for Viola-Jones face detection by using FrontalFaceLBP model

classification.
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(a) (b)

Figure.3.16: The final-result of people counting based on Viola-Jones face detection

method (a) Original image (b) Final-result of FrontalFaceLBP model

3.2. People Counting Based on People Detection Method

People detection, which is an important class of object detection, and people counting
are significant problems in the computer vision area. However, the ability to detect a
person under widely varied conditions is a challenging task; such challenges include
differences in illumination, partial occlusion, complex backgrounds, appearance, color
or type of clothing and pose. We think that a whole body People Detection method to
estimate the number of people in an input image must be a part of a complete people

counting system.

The Computer Vision System Toolbox of Matlab presents a People Detector System
that can detect upright people in an input image. Thus, in this thesis, we use the People
Detector System which uses the Dalal and Triggs people detection algorithm [90] that
is already implemented in Matlab R2015a software. The technique is based on
Histograms of Oriented Gradients HOG feature. It trains linear Support Vector
Machine (SVM) classifier in order to determine people. Then, we count each detected

person in an image to get the total number of people in an input digital image.

The main idea of the People Detection method is to implement the rectangle-sliding
window of a fixed size 64x128, which includes about 16 pixels that are scanned over

the input image at all positions and scales to extract the features. Then combined
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vectors of features are produced that can be used in the SVM classifier to classify the
objects in an input image as person or non-person. Finally, each person detected in an
input image is counted (see Figure 3.17). In the next section, we explain the working

steps in more detail.

Input an image

Scan image on all scales &
locations

Extract features over windows

Run SVVM classifier at all
locations

Count each Person detected

R 2

<Process complD

Figure.3.17: The Methodology Overview of People Counting System

based on People Detection Method
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3.2.1. Histograms of Oriented Gradients (HOG)

Features extraction is an important step in people counting systems based on the
People Detection method. Therefore, the People Detection method uses HOG as a
feature descriptor that produces feature vectors in order to encode the right amount of
significant information related to a particular object as data. Moreover, the HOG
features are extracted from the test image to provide ability to make predictions using
the trained classifier. This technique has the ability to count occurrences of gradient
orientation in localized portions of a digital image. Furthermore, it differs from others
approaches in computing a dense grid of uniformly spaced cells and it also improves

the accuracy by using overlapping local contrast normalization.

Notably, the main mechanism of HOG is that it divides the image into small associated
regions called cells, and for the pixels inside each cell, a HOG directions is compiled.
Thus, the histogram will be produced from the gradient values. Then the chain of these
histograms is represented as descriptor (see Figure 3.18). To obtain better accuracy,
the local histograms contrast normalize overlapping spatial blocks by computing an
intensity measure across blocks, which is a larger region of an image. After that, this
value can be used to normalize all cells inside block; the results of normalization

improve invariability to changes in illumination and shading.
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Figure.3.18: The Histograms of Oriented Gradients features.

(a)Original Image; (b) Gradient magnitudes; () Gradient orientations;

(d) Subdivided image cells; () Histogram gradients in each cell.
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3.2.2. Support Vector Machine (SVM)

Support vector machine (SVM) classifier is one of the supervised learning
classifications and commonly used method in object recognition, which was proposed
by Cortes and Vapnik in 1995 [91]. The main goal of SVM is to predict target values
of test data by giving just the test data attributes when classification separates data into
testing and training samples. In addition, SVM does not need to add a priori knowledge

to introduce high generalization performance and could work for small training sets.

Figure.3.19 The general idea of SVM working

Figure.3.19 shows how the SVM classifier finds a linear decision surface by separating
Class1 from Class2, where blue stars represent Classl that consists of positive feature
samples and Class 2 is a red circle shape, which consists of negative feature samples.
In order to find the OSH, SVM increases the margin between Class1 and Class2 bit by
bit. The orange stars and orange circle represent OSH in each class, which can be used

by SVM in the classification process.

In general, the object classification phase is a significant task in many applications of
the computer vision field, including automotive, image retrieval, and safety
surveillance. Therefore, our system used linear Support Vector Machine (SVM)

classifier, which is reliable and fast classifier. Moreover, in order to classify the objects
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in an input image as person or non-person, the system applied SVM classifier on
normalized image windows.
The final step of a people counting system based on the People Detection method is

counting the number of people that are detected in an input image (see Figure 3.20).

(@) (b)

Figure.3.20: The final-result of people counting based on People Detection method.

(a) Original image; (b) Final-result for People Counting System.

3.3. Combination of Methods

To determine the correct algorithms for a successful people counting system, we tested

the combination results of each method as follows:

- Viola Jones LBP with People Detection method

- Viola Jones CART with People Detection method

- Face detection based Skin Color with People Detection method

In the combination of two methods, when we combine the results of Face Detection
method with the results of People Detection method, each method produces a bounding
box, where the results of People Detection method are represented in big bounding
box, whereas the results of Face Detection method are represented in small bounding
box. The counting process is done by checking whether the big bounding box contains

a small bounding box, if so, the system omits the big bounding box and counts all other
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boxes within the image, where each box indicates one person. Figure 3.21 shows the
combination of the Viola Jones Face Detection method with the People Detection
method. Figure 3.22 shows the combination of the Skin Color Face Detection method

with the People Detection method.

—

Number of People is: 2

(c) (d)

Figure 3.21: The final-result of people counting based on people detection and Viola
& Jones. (a) Final result of Viola & Jones face detection. (b) Final result of People
detection. (c) Combination of people detection and Viola & Jones.

(d) Final-result of people counting system
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Figure.3.22: The final-result of people counting based on people detection and Skin
Color. (a) Original image; (b) Final result of Skin Color face detection; (c) Final
result of People detection; (d) Final-result of Combination people detection and Skin
Color.

39



3.4. Data Sets

The use of a dataset is important to compare different algorithms. To test our method,
we used 240 test images from two different datasets, including 107 images from
Groups of Images of People data set [92], and 133 images from INRIA Person Dataset
[90]. The total number of people in the tested images was 1202.

3.4.1. INRIA Person Dataset

The INRIA Person dataset is one of the most widely used datasets in the pedestrian
detection community. It was introduced by Dalal and Triggs in 2005 to support
Pedestrian Detection system (PD) research. It helped to improve the performance of

pedestrian detectors dramatically.

In general, the INRIA Person dataset contains about 2573 images, which are divided
into a training set and a testing set that can be used for training detectors reporting
results. Both the training set and testing set provide positive and negative samples,
which contain standing or walking people. Figure 3.23 shows examples from the
INRIA Person Dataset.

Figure 3.23: Example from INRIA Person Dataset
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3.4.2. Groups of Images of People Dataset

The Groups of Images of People dataset is a standard set introduced by Gallagher and
Chen in 20009. It contains a collection of people images built from Flickr images, which
includes 5,080 images and a total number of 28,231 faces labeled with age and gender
that are separated among 11 folders. Most of the images are either family images and
wedding images, or group images. Furthermore, it is the largest dataset and is
commonly used to estimate age and gender, do event classification and do some
camera calibration. Most images in this dataset contain people who are laying, sitting,
or standing on high surfaces. Predominantly, people have dark glasses, unusual facial
expressions, or face occlusions. Figure 3.24 shows some example from the Groups of

Images of People dataset.

Figure.3.24: Examples from Groups of Images of People dataset

41



CHAPTER 4

RESULTS AND DISCUSSIONS

4.1. Experiments

In this chapter, we discuss and present the results of experiments that we did. As

indicated in the previous chapter, we used two different datasets:

e Groups of Images of People dataset, which contains about 2,573 color images
of people.

¢ INRIA Person Dataset, which contains 5,080 color images of people.

We selected 107 color images from the Groups of Images of People dataset, and 133
color images from the INRIA Person Dataset, randomly. Then we combined them as
one testing dataset, which contained 240 test images. There were 1,202 people in the

test dataset.
We conducted several experiments:

e Count the number of people in an image using Skin Color Face Detection
method

e Count the number of people in an image using Viola Jones (CART) Face
Detection method

e Count the number of people in an image using Viola Jones (LBP) Face
Detection method.

e Count the number of people in an image using People detection, which is based
on HOG and SVM classifier.
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By doing these experiments, we obtained several results that are presented in the
coming sections. Then, to improve these results, we tested combination of face

detection and people detection algorithms. Thus, these combinations are:

e Face detection based on Viola Jones LBP with the People Detection method
e Face detection based on Viola Jones CART with the People Detection method

e Face detection based on Skin Color with the People Detection method

We evaluated the performance of our experimental results by using the following

parameters:

e True Positive (TP): It represents the number of correctly detected faces/people.

o False Negative (FN): It represents the number of lost faces/people.

e False Positive (FP): It represents the number of non-face/non-people items
detected

e Total Faces/people (P): It represents the summation of True Positive and False
Negative.

e Correct Detection Rate (CDR) = Recall: It represents True Positive divided by
Total Faces or people.

o False Detection Rate (FPR): It represents False Positive divided by Total Faces
or people.

e Missing Rate (MR): It represents False Negative divided by Total Faces or
people.

e Precision: It represents True Positive divided by summation of True Positive
and False Positive.

e F-Measure: It represents ((Precision * Recall) / (Precision + Recall))* 2.

4.2. Results

In this section, we present the results of our experiments. In order to determine correct
algorithms for people counting system, we tested several methods and obtained

different performance results of each method.
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4.2.1. Skin Color Face Detection Method

In counting the number of people using the Skin Color face detection experiment, we
used 240 color images as the test dataset, which were selected from both the INRIA
Person Dataset and the Groups of Images of People dataset. There were 1,202 people
in the dataset’s images. When Skin Color Face Detection method was used, the people
counting system detected 640 people correctly with a recall value of 53.24%. The
system failed in detecting 562 people and had 157 error detections. Table 4.1
summarizes the results of this method. Nevertheless, Singh et al [93] applied same
Skin Face Detection method on 1,100 images from IITK face database with clear
frontal faces and achieved Accuracy of 95.18%. However, they could achieve high
result because they used database with clear human faces. Whereas we used mixed
database with clear and unclear faces. Table 4.2 shows the summary of our obtained
results based on this method.

1,202
640

562
157

53.24%

13.6%

MR 46.76%

Precision 80.3%

F-Measure 63.75%

Table 4.1: The results of people counting system based on Skin Color method

4.2.2. Viola Jones (CART) Face Detection Method

We used 240 color images with 1,202 people as the test dataset. Applying the Viola
Jones (CART) Face Detection method, 846 people were correctly counted with a recall

of 70.38%. The system failed in detecting 356 people and had 66 error detections.
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Nevertheless, Viola and Jones [55] applied same Face Detection method on group of
images collected from the Internet with clear frontal faces and achieved Accuracy of
93.9%. However, they could achieve high result because they used database with clear
human faces. Whereas we used database with clear and non-clear faces. Table 4.2

shows the summary of the obtained results based on this method.

66
70.38%
5.49%
MR 29.62%
Precision 92.76%

F-Measure 79.5%

Table 4.2: The results of People Counting system based on Viola & Jones (CART)
Face Detection method.

4.2.3. Viola Jones (LBP) Face Detection Method

We used 240 color images with 1,202 people as the test dataset. When the Viola Jones
(LBP) Face Detection method was applied, the people counting system detected 761
people correctly with a recall of 63.31%. The system failed in detecting 439 people

and had 93 error detections. Table 4.3 shows the summary results of this method.
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93

63.31%

7.73%

MR 36.52%
Precision 89.11%
F-Measure 73.77%

Table 4.3. The results of people counting system based on the Viola Jones (LBP)
Face Detection method

4.2.4. People Detection Method Based on HOG and SVM

We used the same amount of testing images from the same datasets used in the
previous experiments. When the Skin Color Face Detection method was used, 306
people were correctly detected with a recall value of 25.45%. The system failed in
detecting 896 people and had 19 error detections. Nevertheless, Salas and Tomasi [94]
applied People Detection method by using HOG and SVM on INRIA Person database
and achieved Precision of 89%. However, they could achieve high result because they
used database with clear body of people. Whereas we used database with clear and
non-clear whole body. Table 4.4 shows the summary results of our method.
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68

25.46%

1.58%

MR 74.54%
Precision 81.81%
F-Measure 38.83%

Table 4.4. The results of people counting system based on People Detection method.

As we noted above, the result of using a single method is unsatisfactory. Consequently,
we propose a combination of face detection and people detection algorithms in order
to improve the accuracy of the people counting system. The obtained results of

combined methods are given in the following subsections.

4.2.5. Skin Color Face Detection with People Detection Method

In counting the number of people based on the combination of Skin Color with the
people detection experiment, we used 240 color images with 1,202 people as the test
dataset, which were selected from both the INRIA Person Dataset and the Groups of
Images of People dataset. The combination system correctly detected 928 people with
a recall of 77.21%. The system failed in detecting 274 people and had 211 error

detections. Table 4.5 summarizes the results of this combination method.
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1,202
928
274
211

77.21%

17.55%

MR 22.79%
Precision 81.48%
F-Measure 78.95%

Table 4.5: The results of people counting system based on combination of the Skin
Color face detection with the People Detection method

4.2.6. Viola Jones LBP Face Detection with People Detection Method

We combined the Viola Jones LBP with the People Detection method in this
experiment. We used the same amount of testing images with same datasets that were
used in previous experiments. The combined system detected 1021 person correctly
with a recall of 84.94%. The system failed in detecting 179 people and had 120 error

detections. Table 4.6 shows the summary results based on this combination method.

1,202
1,021
179
120
84.94%
9.98%
MR 14.89%

Precision 89.48%
F-Measure 86.42%

Table 4.6: The results of people counting system based on combination of Viola &
Jones (LBP) face detection with People Detection method
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4.2.7. Viola Jones CART Face Detection with People Detection Method

We used 240 color images with 1,202 people as the test dataset. The combination of
Viola Jones CART with the People Detection method detected 1,091 people correctly
with a recall of 90.76%. The combination system failed in detecting 111 people and
had 70 error detections. Table 4.7 shows the summary results of the combination

method.

70

90.76%

5.82%

MR 9.23%
Precision 93.97%
F-Measure 91.48%

Table 4.7. The results of People Counting System based on the combination of Viola
& Jones (CART) face detection with the People Detection method.

4.3. Discussions

In order to count the number of people in a digital image, many tests are carried out to
measure the performance of different algorithms and their combinations. Nevertheless,
when we applied Face Detection method and People Detection method separately, we
obtained low success rates because these methods are successful on some images of
our dataset but not successful on others. For instance, if the person’s body is
incomplete then People Detection method work on whole body cannot detect or count
any people in an image. Also, Face Detection methods that used in this thesis work on
frontal face. Therefore, if the face is not frontal or unclear, then this method cannot
detect or count any faces in an image (see Figure.4.1 and Figure.4.2). These results
prove that using a single method for a general people counting system cannot produce

a satisfactory conclusion.
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(c) (d)

Figure.4.1. Experimental results of people counting system on Groups of Images
dataset. (a) People counting system based on people detection; (b) People counting
system based on Skin Color face detection; (c) People counting system based on
Viola Jones (LBP); (d) People counting system based on Viola Jones (CART).
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(a) N (b)

(c) (d)

Figure.4.2. Experimental results of people counting system on INRIA Person
Dataset. (a) People counting system based on people detection; (b) People counting
system based on Skin Color face detection; (c) People counting system based on
Viola Jones (LBP); (d) People counting system based on Viola Jones (CART).

On the other hand, the combined solutions (Viola Jones LBP Face detection with
People Detection method, Viola Jones CART Face detection with People Detection
method, and Skin Color Face Detection with People Detection method) produced more
successful results on our dataset. The table 4.8. shows summary of all results obtained

from each method.
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CDR FPR MR Precision J| F-Measure
Method/Parameter
(%) (%) (%) (%) (%)

Counting people
based on Skin
53.24% 46.76% 63.75%
Color face

detection

Counting people
based on Viola
Jones (CART) face
detection

70.38% 29.62% | 92.76%

Counting people
based on Viola
Jones (LBP) face
detection

63.31% 36.52% [ 89.11% 73.77%

Counting people
based on People 25.46% 74.54% [ 81.81% 38.83%

Detection method

Counting based on
Skin Color with 77.21% 22.79% | 81.48% 78.95%

people detection

Counting based on
Viola Jones LBP
with people

84.94% 14.89% | 89.48% 86.42%

detection

Counting based on
Viola Jones CART
with people

90.76% 93.97% 91.48%

detection

Table 4.8: All experimental results of People Counting System methods

The figure 4.3, figure 4.4 and figure 4.5 show summary of all experimental results,
where the performance of results is improved significantly after combining the Face

Detection and People Detection methods.
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Recall results of algorithms

B without combination B with combination

58 84.94

77.21

70.38

25.45

people detection viola jonse CART viola jonse LBP skin color

Figure 4.3: The Recall results of all people counting system experiments
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50
40
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Precision results of algorithms

B without combination B with combination

92.76 93.97 89.11 89.48
81.81 80.3 81.48

people detection viola jonse CART viola jonse LBP skin color

Figure 4.4: The Precision results of all people counting system experiments
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F-measure results of algorithms
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91.48 86.42

78.95

38.83

people detection viola jonse CART viola jonse LBP skin color

Figure 4.5: The F-measure results of all people counting system experiments
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CHAPTER 5

CONCLUSIONS AND FUTURE WORK

In this final chapter, we present the most significant points that are provided through
the previous chapters, and mention the future work and potential strategies to expand

the abilities and ameliorate the performance of people counting systems.

5.1. Conclusions

This thesis has presented a new system for counting the number of people in digital
images that is based on People Detection and Face Detection methods. This system
can be used to estimate the number of people in digital images where there are people
standing, sitting, or moving. Therefore, this system can be useful for many vision
applications that may face some problem with tracking vision or non-vision
approaches, for instance, the distinguishing of people from the background and from
each other in cases where the people are close to each other, side by side, or behind

one another.

We started this thesis by introducing briefly background about people counting system
and some challenges about it. In addition, we discussed the motivation that led us to
study this domain with describing the major problems which are related to people
counting in vision and non-vision approaches. After that, we presented a general
review about various researches and commonly robust methods that have been done
in the people-counting field. We explicated the essence and methodology of this study;
firstly, we presented a general overview for counting people in digital images. Then,
some details about essential methods that are used in this thesis, which are Face

Detection and People Detection methods, are explained. We provided information
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about datasets used in this thesis. We presented experimental results produced from
the testing of people counting based on Face Detection and people counting based on
People Detection methods. Then, we showed experimental results produced from the

testing combination of face detection and people detection algorithms.

We tested all methods using a new dataset collected from two datasets. According to

results, the obtained conclusions are as follows:

e Counting people based on Skin Color face detection method gives 53.24%
Recall and 80.3% Precision values.

e Counting people based on Viola Jones (CART) face detection method gives
70.38% Recall and 92.76% Precision values.

e Counting people based on Viola Jones (LBP) face detection method achieves
63.31% Recall and 89.11% Precision values.

e Counting people based on People Detection method achieves 25.46% Recall
and 94.15% Precision values.

e Counting based on Skin Color face detection together with people detection
gives 77.21% Recall and 81.48% Precision.

e Counting based on Viola Jones LBP face detection together with people
detection produces 84.94% Recall and 89.48% Precision values.

e Counting based on Viola Jones CART face detection together with people

detection achieves 90.76% Recall and 93.97% Precision values.

With these results, we conclude that counting people based on a combination of the
Face Detection method and the People Detection method improves the results
considerably. The best combination is achieved by combining Viola Jones CART with
the People Detection method. Nevertheless, when we apply Face Detection method
and People Detection method separately, we obtain low performance results because
each method is successful on some of the images of our dataset but not successful on
the others. Therefore, it is a requirement to use several techniques together to

implement a general people counting system for digital images.
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5.2. Future Work

Considering these promising results, the possible suggestions for the future work can

be as following:

e Extending the system with new methods such as counting people in crowded
images.

e Testing and evaluating the presented method on different datasets.

e Combining and testing the system with alternative Face Detection methods and
People Detection methods.

e Extending the system with other functions like counting females and males in

images.
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