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ABSTRACT

In this dissertation, we address the problem otdatgtg pedestrians in low-resolution
videos taken by stationary cameras and cameras tetbwn aerial platforms. The target
pedestrians are as small as 20 pixels in heightlestrian detection is a key problem in computer
vision, and has several applications such as seardhrescue, law enforcement and general
surveillance, and military applications against reies. The most common approach for
pedestrian detection is to use high resolutionlsifiggme, and there is relatively little work
focused on pedestrian detection in low resolutmenarios. Under more realistic and challenging
conditions, performance of the available approadeggades rapidly, while approaches that are
based on appearance cues mostly fail since thespias are only a few pixels in height.
Detecting pedestrians is a challenging task, sopegkestrians are non-rigid objects, ranging over
a high variability of poses, appearances, and scaldne detection task typically takes place at
scenes with a lot of background clutter which reguigh classification precision. The task
becomes more challenging in aerial videos, duénéorépid change in viewpoints and scales,
which makes video stabilization more difficult. rethermore, the much larger search space and
the small number of pixels on the target make ffiadilt to distinguish pedestrians from
background clutter. In this problem domain, théstxg state-of-the-art pedestrian detection
methods have poor performance. Therefore, thegeciear need for a method that can detect
pedestrians in low resolution imagery.

To overcome these challenges, we propose a novettidm method that recognizes
pedestrians in short sequences of frames (abowdctind in duration). We extend the single-
frame HOG-based detector to a multiple frames detedOur approach uses video stabilization
to detect potential moving objects. A classifeethien applied to volumetric normalized features
extracted from spatio-temporal volumes surroundiveg potential moving objects. On several
challenging stationary and aerial video dataseEBT@ 2001, Stationary VIRAT, UCF-2009,
UCF-2007, and aerial VIRAT), our detection accur&gignificantly better than the standard
single-frame HOG-based detection method, and oiatmes the previously published detector

that uses Haar-like features at the same low fadséive rates.
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CHAPTER 1: INTRODUCTION

The task of detecting people in videos has attdagtewing interest from both academia
and industry, and is an important and active afeeesearch. In this thesis, we address the
special problem of detecting pedestrians in videBy. “pedestrian§ we mean upright people
who are walking. Much current work on pedestriacognition focuses on detection by cameras
mounted on moving cars, motivated by the needdt® eperation of self-driving cars. Another
scenario is detecting pedestrians in surveillandeos. In this case, the videos are taken by
stationary outdoor cameras or by moving camerasnteduon an aerial platform such as a
helicopter or unmanned aerial vehicle (UAV). Uslithe automotive scenario, in surveillance
videos the camera is typically looking down on $lsene at an oblique angle, and the pedestrians
can be quite small in the images. In this thesis,focus on the latter scenarice., that of
surveillance video.

Pedestrian detection in surveillance videos hasynagplications, including commercial,
search and rescue, law enforcement, border mamgtoaind military applications. For example,
pedestrian detection offers ways to measure vigiadiic that flows into and around retail stores,
malls and shopping centers. Pedestrian detectaon help maximize the efficiency and
effectiveness of businesses and provides insigbt ti,e movement of individuals. It is not
limited to the entrance point of a company's bussnéut has a wide range of applications that
provide information to management on the volume féowd of people throughout a location [1].

Figure 1.1 shows some examples of different apipdics.

| " =H k. “ 3 pe)
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Figure 1.1: Examples of surveillance scenariosA@)al video of open plaza. (b) A stre
surveillance stationary camera. (c) Military apation, aerial VIRAT dataset.
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The problem of detecting pedestrians in surveiamicleo can be challenging for many
reasons: There is a wide range of pedestrian @oskappearance, including variety of clothing.
The lighting can vary and shadows can be presd&dckground clutter can have a similar
appearance to pedestrians. Pedestrians can hallpartcluded by other objects, or by other
pedestrians.

As discussed in Chapter 2, the most successfubappes to this problem use histogram
of oriented gradient (HOG) features, with a suppedtor machine (SVM) classifier [2]. The
approach requires many labeled training examplg@saf people. Extensions to this method
detect parts of the persom.g, head, arms, and torso) instead of just lookingtlie overall
shapee.g.[3]. However, these methods require fairly highalution images of people.

In the case of surveillance video, the size of pgams can vary widely in the image, due
to the distance from the camera. When the sizepgdestrian becomes very small, many shape
details are lost, and it is difficult to distinghia pedestrian from a non-pedestrian. For example,
Figure 1.2 shows an example pedestrian at fouerifit resolution levels. As described in
Chapter 2, existing algorithms for pedestrian dedacdo fairly well for high resolution images,

but performance degrades dramatically when thehheigpedestrians is 30 pixels or less.

(a) (b)
Figure 1.2: An example pedestrian at four diffenesgolution levels: The height
of the pedestrian is 140, 50, 20, and 10 pixels (@) Images at actual size. (b
The same images as in (a), except that the imagessteetched for easier
visualization. The example is from VIRAT datasat [

The task of pedestrian detection in aerial videogven more difficult than in videos
captured by stationary cameras. The camera i dfigher, and the size of pedestrians is
therefore smaller. The effective resolution of Weo is often degraded due to motion blur and

haze, further reducing the available visual infaioraon shape and appearance.



One approach to detecting pedestrians is to festa moving objects in the scene. In this
approach, an estimate of the background imagengputed (often called background modgl
Then moving objects in the scene are detected riminfy the difference between the current
frame and the background modeld, [4]). These foreground regions could be due twing
objects such as pedestrians. However, other mosipects (such as cars, blowing trees) can
also cause foreground regions to be detected. oBemsse can also cause false detection of
moving objects. In the case of aerial video, whitye camera is continuously moving, the
current image must first be registered to the bamkyd image. Misregistration can cause false
foreground objects to be detected. At areas df bantrast such as edges of buildings, a slight
misregistration can cause false foreground objettais, simply detecting foreground regions is
not sufficient for pedestrian detection, althougliaes help reduce the search spaeg One
need only search for pedestrians in the vicinitdetiected foreground image regions).

Another approach is to do “detection by trackings discussed in Chapter 2, detections
over multiple images can be associated and formex “iracks”. The tracker must perform
object correspondence from frame to frame to geéadhe tracks. Correspondence can be done
using shape and appearance features, as well astiannmodel of the moving object.€.,
velocity). With this method, detections of objeatssmall as a few pixels in size can be formed
into tracks. Discrimination of “pedestrian. “non-pedestrian” for very small objects can be
done using the motion model i-e., if the object moves at about the expected spded o
pedestrian, then it must be a pedestrian. Onelgrolwith this method is that it cannot

distinguish between a pedestrian and a non-pedestroving at about the same speed.

Another problem with the “detection by tracking’papach is that it requires a fairly long
sequence of images of the scene, in order to lplttacks. For example, the approach of [5]
can detect and track vehicles and people only apieels in size, but uses sequences ranging
from tens of seconds to minutes long. In the cdseerial video, sequences of this length may
not be available. In the case of a camera mounred rapidly moving helicopter or UAV, the
camera is continuously translating and rotating] ascasionally undergoes large amplitude
rotations. The camera does not dwell for long opadicular portion of the scene. Thus,
algorithms that rely on a long sequence of obsmmato build up a motion track model may not
be applicable.



As an example, Figure 1.3 shows snapshots fromd@oviaken from a small quadrotor
UAV flying rapidly over a field [6]. The camera mes erratically, undergoing large amplitude
rotations and translations. As a result, peopmeugually only within the field of view for a short
time (as briefly as several seconds). Althoughdize of people varies due to the changing

altitude of the camera, the height of people isrotis small as 20 pixels tall.

Figure 1.3: Example images from aerial video (ta#bout 4 seconds apart). Si
of images is 380640 pixels.

N
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As another example, Figure 1.4 shows snapshots &onaerial video sequence from
VIRAT dataset [7]. The images are roughly 10 selscapart in time. This example shows some
of the characteristics of aerial videos such asgimg viewpoints and scales, which presents
crucial challenges to the task of video stabil@atand dealing with any imperfect pixel-to-pixel
alignment. The example also shows the varietylpéas in the scene; this includes various
types of facilities, such as buildings, storage] parking lots, as well as vehicles and people.
The images are 64@80 pixels, taken at a 30Hz frame rate. Althougl room changes
occasionally, the typical height of people is ali2ipixels tall. Detecting people in images such

as these is extremely difficult, due to the lowotation.

v

Time
Figurel.4: Sample image shots changing over tineetaldlight motion.




1.1 Approach

Although it is very difficult to recognize a persama single low-resolution image, the
task is much easier when a short sequence of imageed. For example, Figure 1.5 (a) shows
a single low-resolution frame in which it is diffilt to recognize the object. The right portion of
the figure is a sequence of frames in which a stiligeperforming a recognizable movement; in
this case, walking. Despite the deficiency of grupable features in the static image, the

movement can be easily recognized when the sequepcé in motion on a screen.

. adidiBd. b o1 » '» i
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Figure 1.5: (a) Single frame. (b) Sequence of fefmem video of walking person.

This phenomenon is well known from the pioneeringrikvof Johansson [8], whose
moving light display (MLD) experiments showed camingly that the human visual system can
easily recognize people in image sequences, evitre iimages contain only a few bright spots
(attached to their joints and represented withrduedots in Figure 1.6). A static image of spots
is meaningless to observers, while a sequence ajasicreates a vivid perception of a person
walking, running, dancinggtc. The media upon which these words are printedlymes the

reader from experiencing the impact of viewing \fgeo.

(@) (b)
Figure 1.6: (a) Dot configuration of a walking sedtj (b) Bright spots attached to
subject joints.




Inspired by these examples, we can use the additinformation provided by motion to
compensate for the lack of visual details in alsimgage. The approach of our work (described
in Chapter 3) uses features extracted from a dpatgoral volume of images. A volume
composed of up tdl “slices” is used, where each slice is a small maigie window of size of
32x32 pixels. This volume represents a duration olualone second or less (Figure 1.7). Asin
the situation with the human visual system, thermmiation contained in the additional images

should help the system recognize the pedestrian.

Figure 1.7: Spatiotemporal volume of images (s)iaesused to gather more information
about a moving object. The collection of theseesliis called a volume; which is shoyn
with the blue lines in the figur:

In this thesis, we take the single-frame HOG-batstdctor commonly used in pedestrian
detection and extend it to multiple frames. Ouprapch (described in Chapter 3) uses HOG
features extracted from a spatiotemporal voluménafges. The idea is that the motion of a
person walking is distinctive, and we can trailassifier to recognize the temporal sequence of
feature vectors within the volume.

As an example, consider the images of a walkinggreshown in the top row of Figure
1.8. The corresponding HOG features are showrhénsecond row. The third row shows
images of a region containing a moving car. Theesponding HOG features (bottom row) of
the negative example are visually quite differeminf those of the positive example. This
example indicates that it may be possible to teagtassifier to recognize the pattern of features

of a pedestrian from that of non-pedestrian.
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Figure 1.8: (a) Positive example (pedestrian). kesagye 32x32 pixels. (b) Negative example
(part of a car passing by a post). In these twonghes: the top row is a sequence of slices
subsampled from a longer sequence of 32 slicesqdnsl duration), and the bottom row
shows the HOG features of the sequence.

A possible difficulty in using short image sequender detection is that the space of
possible motions of a pedestrian is potentiallgdar A person can walk with different speeds,
amplitudes, and gait patterns. Their arms canweging naturally or be carrying something.
Although generally periodic, the pattern of motzan vary over time. For example, a pedestrian
can turn part way through the sequence, changedraralk to a run, or change from a walk to a
stop.

We address these difficulties in two ways: First keep the sequence length fairly short
(i.e, one second or less). This limits the amount thation can vary over that time duration.
However, it is still possible to have examples whtdre motion variability is large enough to
cause detection failure, as shown in Chapter 4e sétond way we address the difficulties is to
use a large number of training examples to tram dlassifier. We need to have sufficient
examples that cover the range of possible motioaisa pedestrian can have.

An overview of the detector algorithm is shown igufe 1.9. The algorithm starts with
stabilizing the video by registering each frameatoeference frame. Secondly, a background

subtraction algorithm is used to identify foregrdufregions of interest (ROIs), which



correspond to potential moving objects. Then aehawlti-frame HOG-based detector is used

to search for pedestrians in the final ROIs.

Input video Stabilized video

Yideo

Stabilization

Differencing

Detecting
Motion

Regions

Pedestrian

Detection

Figure 1.9: After stabilizing the video, we findethmotion regions using a background
subtraction algorithm. A trained multi-frame HOGskd detector is used to recognize
pedestrians around these motion regions.

1.2 Objectiveand Contributions

The objective of this thesis is to show that petkess can be successfully detected in low-
resolution video using short-term image sequencé&ke time duration used should be long
enough to capture the characteristic walking motbra pedestrian. However, it need not be
long enough to perform tracking. Thus, the metiscapplicable to situation such as video taken
from a rapidly flying UAV as shown in Figure 1.4.

Although our system uses multiple images to perfoietection; it is a detector, not a

tracker. As a detector, it simply reports the pree of a pedestrian at a specific location in the



image sequence and does not perform associatiovedetdetections. On the other hand, the
aim of a tracker is to generate the trajectory ahaving object over time by establishing
correspondences between the object detectionssatnammes. However, our detector can be
incorporated into any standard tracking algoritlsuch as a multiple hypothesis tracker or a
particle filter-based tracker, if a longer sequenté@nages of the same scene is available. The
improved accuracy of our detector should make $isgae to estimate more reliable tracks using
a shorter sequence of images. More discussiorcamgparison between detection and tracking
is presented in Section 2.5 of Chapter 2.

The main contribution of this thesis is the devetept of a new pedestrian detector that is
able to detect pedestrians in surveillance vidédsveer resolutions than has been reported in
previous work. The algorithm performance has bealuated through experiments on several
standard public datasets; including some challengierial datasets. The new pedestrian
detection system significantly outperforms sevepdkting state-of-the-art pedestrian detection
systems (Chapter 4). The system is suitable ftdams stationary surveillance cameras as well
as aerial imagery. A preliminary version of thisrwwas published in the IEEE WACV 2014

conference [9] and final version has been submitidie IEEE CVPR 2015 conference.

1.3 Assumptionsand Limitations

Some assumptions of this work include:

 We use grayscale optical imagery only, even thotnginmal (infrared) imagery has been
used in some of the previous work and could beftiefpr detecting people. The method
described in this thesis could certainly be appiceshfrared imagery.

* Fully (or mostly) visible (not occluded) upright Ikeng people are targeted for detection.
The camera is assumed to be looking down at thpl@ext an oblique angle. The learned
model is constrained to such poses.

» Pedestrians are assumed to be walking with a mmdspeed. This allows for a reasonable
amount of information to be included as input te ttlassifier. It is about one second of
walking (or less), which is about two walking sted3epending on camera frame rate, this
corresponds to about 16 to 32 frames. A base silzeeof 32x 32 pixels has been chosen so
that with a pedestrian 20 pixels tall who has a enatd walking speed (not very fast walking

and not running), the pedestrian will stay withie tletection volumetric space.



1.4 Outline

This chapter has given a brief introduction andirdef the problem of detecting low-
resolution pedestrians in surveillance videos, some of the applications. It has described the
work's motivation and inspiration and provided awmerview of the proposed approach,
assumptions, and contributions of this thesis. mreainder of this thesis is broken into four
chapters as followsChapter 2 describes the state-of-art in the field of pedastdetection and
presents previous work related to the topic. Thgpter also presents a comparison between the
new detection approach and tracking methods andmsuizes a critique to previous work.
Chapter 3 describes the new proposed approach in detaitjrgjdrom video stabilization until
a classification decision is mad€hapter 4 describes in detail the experiments, used datasets
adjusted parameters, and algorithm performancéfateht settings. The chapter also discusses
the experimental results, and comparison to otrethauas' resultsChapter 5 summarizes the
key findings of the proposed approach, discusseslesions, presents approach advantages and
limitations, suggests solutions, and finally, pa®s some pointers to future research directions

and approach improvements.
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CHAPTER 2: LITERATURE REVIEW

There is an extensive body of literature on peadtection, although there is relatively
little work on pedestrian detection in low-resadutivideos, and very little work on pedestrian
detection in aerial videos. Most work focuses edgstrian detection in single high-resolution
images.

Some work on pedestrian detection in automotivédiegdpns uses contextual information
to improve detection performance [10]. For examplkdestrians are often around vehicles in
traffic scenes, and algorithms can make use of fa@t Our work does not use contextual
information since we wanted to make our approachengeneral and not be limited to traffic
scenes.

Following the convention of [11], we use the foliogy terms: anear scaleor high
resolution pedestriars defined as a pedestrian over 80 pixels madidium scalés 30-80 pixels;
andfar scaleor low-resolutionis under 30 pixels. Comprehensive reviews cafobed in [1],
[11], [12], [13], and [14]. The cited works on m@stirian (and people in general) detection can be
classified according to the number of frames usgthb detection system. This includes two
categories: (1) Pedestrian detection in singlegesaand (2) pedestrian detection in sequences
of images. The previous work is reviewed accordmthese two categories. In addition, work
on the special problem of people detection in &grtkeos is reviewed.

Section 2.1 reviews pedestrian detection in singhlges. Section 2.2 covers the work of
pedestrian detection that is based on image segseork on people detection in aerial videos
and images is reviewed in Section 2.3. Sectionp2eéents a critique of previous work. A

comparison with tracking is presented in Sectidn 2.

2.1 Pedestrian Detection in Single Images

There have been many approaches to detecting peaphages. One class of approaches
uses explicit knowledge of human kinematics asbtsds of implementation. These approaches
use articulated object models and attempt to matelge features to body parts (see for example
the survey of [15]). We do not consider this apgtobecause in low-resolution images, body

parts may not be clearly visible.
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Approaches that are more applicable to lower régolimages are those that attempt to
detect the whole person. Instead of an explicidl@hoan implicit representation is learned from
examples, using machine-learning techniques. Thppeoaches typically extract features from
the image and then apply a classifier to decidiefimage contains a person. Typically, the
detection system is applied to sub-images over ehire image, using a sliding window
approach. A multi-scale approach can be used mollaadifferent sizes of the person in the
window. Alternatively, the detection system canpoeceded by a region-of-interest selector,
which generates initial object hypotheses, usingessimple and fast tests. Then the full person
detection system is applied to the candidate wirsdow

A recent survey found that the most successful ggures for single frame pedestrian
detection use some form of gradient histograms.[1Bhe “Histogram of Oriented Gradient”
(HOG) features were introduced by Dalal and Trif@js In their approach, the detector is
applied to a subimage (typically 6428 pixels). The subimage is divided into smatjioas
called cells. In each cell, the gradient magnitadd orientation is computed at each pixel. To
compute the gradient histogram for the cell, eaglelpcasts a vote, weighted by its gradient
magnitude, for the bin corresponding to its gratlienentation. The local histograms are
normalized across regions of the image, calledkslocThe combined histograms from all cells
then represents the descriptor, or feature vefdothe subimage. An example of HOG features

is shown in Figure 2.1 (a).

High-Resolution High-Resolution
Template Parts

(@ ()

©

Figure 2.1: Detections obtained with (a) single ponment person model [2], (b) mod
defined by several high resolution part filtersheTparts filters specify weights for HOGs
features. Their visualization shows the positivéghts at different orientations, [3].
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The approach of Dalal and Triggs has been extemyedthers. Felzenszwalét al.
trained deformable part models for object detecf]n Instead of using a single model for a
person, they use a set of models for each parh (@sithead, arms, and torso). The part models
are related to a root model using a set of defaonanhodels representing the expected location
of body parts (Figure 2.1 (b)). Pagkal. developed a multiresolution model that automaiycal
switches to parts only at sufficiently high resauas [16]. The work integrated a rigid HOG-
based template for low-resolution, with a deformreaphrts model for high resolution. They
found that part-based models are not useful foegeidn heights less than 90 pixels. The work
of [17] uses orientation and magnitude of gradieatures that are similar to HOG. According to
the authors, their algorithm gives accuracy sintibathat of the Dalal algorithm.

Once features are extracted from an image, thetharesent to a classification algorithm.
To train a classifier, feature vectors from a largenber of training images are used. The
training images are labeled as positive (“containgserson”) or negative (“does not contain a
person”). One common type of classifier that isdus a Support Vector Machine (SVM), [18].
The SVM looks for an optimal hyper-plane as a denigunction. The classification task is to
take an input vectox and assign it to one of the two classes. Moraildeabout how SVM
classifier works are discussed in Section 3.5.

An alternative classifier that is commonly used padestrian detection is adaptive
boosting, or “AdaBoost” [19]. AdaBoost combine® thutput of many simple classification
algorithms into a weighted sum that represents fih@ output of the boosted classifier.
AdaBoost is adaptive in the sense that subsequeak Yearners are adjusted in favor of those
instances misclassified by previous classifiers.

The Dalal algorithm is of interest to our work, @nit is so widely used to detect
pedestrians. In Chapter 4, we compare the perfocenaf our algorithm to theirs. According to
evaluations of pedestrian detectors [13], no siriglure has been shown to outperform the
HOG feature for near scale pedestrians, althougpleroteatures can provide complementary
information, which can increase performance. Eatabuns found that the performance of HOG-
based pedestrian detectors degrades rapidly aumeald far scale@.e., less than 80 pixels in
height). A low-resolution image simply does nobyde enough information to accurately
detect pedestrians based on shape.

13



2.2 Pedestrian Detection in Image Sequences

Instead of using a single frame pedestrian deteetatdifferent approach can be used.
Namely, a detector can be developed which diretlyzes a short sequence of frames. Since
a sequence contains more information than a sfregtee, the classification result can potentially
be more accurate. The remainder of this sectigiewes past work using this approach. The

research on detecting people in videos is not Asninous as that of single frame methods.

2.2.1 Optical Flow and Frequency Based Features

One method to make use of temporal informatiom igde optical flow as a feature. The
approaches of [20] and [21] employ optical flow-dganotion descriptors. The algorithm in
[20] combines HOG descriptors with optical flow-bdsmotion descriptors. The detector
combines appearance descriptors extracted fromgéesirame of a video sequence with motion
descriptors extracted from optical flow. It scansiindow across the image at multiple scales,
and runs a linear SVM classifier. In [21] the arthattempted to recognize an individual's
action by matching the sequence of optical flowcdpsors with examples in a database. They
looked for the best matches for classificatieng( ballet, tennis). According to the results
reported in [21] the approach was successful atiunedcale and required clear backgrounds.
The optical flow-based features appear to helpigh mesolution [13], but in low-resolution
scenarios, detection results are poor due to no&geera jitter, and the limited number of pixels
available.

Another class of approaches [22] and [23] perforonedround segmentation and
frequency analysis. The approach of [22] segmantsoving object from the background and
applies time-frequency analysis to characterizepgr@odic motion. Periodic motion shows up
as peaks in the spectrum. The algorithm classififsrent types of periodicity due to different
types of motion symmetry such as walking/runninghhas, running dogs, and flying birds. The
approach of [23] tries to discriminate and tracldgstrians in low-resolution aerial video
sequences. In this algorithm, foreground objemtsseagmented and tracked. Frequency-based
measures are used to detect the existence of honoton €.g, the motion of a leg).
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2.2.2 Haar-Like Features

An alternative to HOG features is the so-calledrHika features. Haar-like features owe
their name to their similarity to Haar wavelets. nhathematics, a Haar wavelet is a sequence of
square shaped functions that form a wavelet basd in analysis [24]. Haar-like features are
differences of rectangular regions in the imagd$ese features are simple and very fast to
compute. Although each feature is not very disgratory, a large number of features can be
chained together to achieve good performance. ni¢étdod of AdaBoost can be used to train a
classifier and select features [25, 26, 27].

One of the first sliding window detectors was preg in 2000 by Papgeorgiou and
Poggio [28]. This algorithm used Haar-like wavelas input descriptors. They extended the
idea of using intensity differences between locdjaeent regions to a wavelet-based
representation for people, car, and face detectibar classification, they combined the Haar
wavelets features with a polynomial SVM classifier.

Haar-like features were also used by Viola and 9¢2@]. Although their detector can be
trained to detect a variety of classes of objeattajas motivated primarily by the problem of
detecting faces. In their detection frameworkytkenployed AdaBoost to both select the best
features and to train the classifier. ApproacHe8@], [31], [32], and [33] also used Haar-like
features.

Viola and Jones [31] extended their work of facéed#on to detecting pedestrians. In
this method, Haar-like wavelets are used to comfratures in pairs of successive images to
detect motion. A rectangle of pixels in the cutrenage is compared to the corresponding
rectangle in the previous image, as well as aeshitersion of the rectangle in four directions:
up, down, left, and right. These represent forealions of walking. AdaBoost is used to build
a cascade classifier based on a set of manuakyedlbraining images.

Jones and Snow [33] extended the above algorithrma&e use of ten images in a
sequence. Three types of features were used: [lRadeatures applied directly at each frame
(appearance filter), absolute difference of Hake-lieatures in different frames, and a shifted
difference filter to capture the motion of pedestds. Figure 2.2 shows the three different types
of filters. The first row illustrates one partianlappearance filter. Such filters act on a single
window, which could be any of the 10 windows. Hesond row shows a particular difference

filter. Such filters consist of one filter actiog one window and the negative of that
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filter acting on another window. The third row sleowa particular shifted difference filter.
Different classifiers were trained to detect pedass for each of eight walking directions (north,
northeast, east, southeast, etc). Each detectotraiaed at the detection window scale ot28
pixels. The AdaBoost learning algorithm was usedse¢lect a set of features to separate
pedestrians from non-pedestrians for each direatlass of the eight classes. Because of the
large number of features that need to be examihedch stage, the training time can be quite
slow (in the order of weeks) [3].

The Jones and Snow algorithm is of interest tovoark, since it was specifically designed
to detect pedestrians in low resolution videosChapter 4, we compare the performance of our

algorithm to theirs.

frame 1 frame 2 frame 3 frame d frame S frame6 frame7 frame 8 frame 9 Irame 10

appearance
filter
dilference

filter

shifted. o C

difference
filter

Figure 2.2: Three different types of filteQ.

2.2.3 Spatio-Temporal Features

Features can also be extracted using gradientstintbe spatial and temporal directions.
The work of [35] extracts spatiotemporal interesings to recognize behaviors.g.,of mouse)
by analyzing the motion using cuboid descriptotseill interest point detector is composed of a
2D Gaussian smoothing kernel, applied along the @pdimensions, and a pair @D Gabor
filters applied temporally. Gabor filters are usedbtain localized frequency information since
they are sensitive to change in phase and givesgiduesponse. The detector is tuned to fire
whenever variations in local image intensities aontperiodic frequency components. The
strongest responses will be evoked whenever perimdition is detectede(g., bird flapping its
wings). Local histograms of gradients were thetmaeted in the neighborhood of each detected
interest point. This approach could be used teagqiedestrians instead of recognizing actions.
However, in low-resolution image sequences, it \@dag difficult to extract interest points since

the volume is so small and the pedestrian’s siaalisa few pixels.
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On a related topic, the work of [32] recognizesnsignguage “words”ife., for deaf
people) from video sequences, using volumetricici@mporal features based on Haar-like
features. The method relies on a learning systeoombine these basic features in such a way
as to depict the motion of hands. In this worke tHaar-like features are 3D volume
summations, rather than 2D rectangle summationsile® to the 2D case, the 3D features can
be computed very quickly. In this case, integ@uwmes are used rather than the integral images

of the 2D case. AdaBoost is used for classificatio

2.3 Pedestrian Detection in Aerial Images

As previously mentioned, there is very little wodh detecting pedestrians in low
resolution aerial videos. Aerial videos are chaidieg due to the potentially rapid translation
and rotation of the camera, which can cause mdion Also, since the camera is continuously
moving, it is more difficult to create a backgroumibdel for the purpose of segmenting
foreground objects. However, some motion compénsatan be done by registering each
image to a reference image. In this way a shont-teackground image can be computed, which
can be used to detect foreground (moving) objesitsgumage subtraction [23].

The few papers that address pedestrian detectiaeiial images often use the same
methods that were discussed above, namely HOGHi&Rires with an SVM classifieeq,
[36]) or Haar-like features with an AdaBoost cléissi(e.g.[37]). The work of [36] presents an
algorithm for people detection and identification a set of aerial images. First, a subject
manually selects a person in one aerial image; tivelgorithm automatically finds that person
in another image. To search for the candidateopé&ysmage, the algorithm starts by detecting
blobs for candidate locations of people, and thetmaets histograms of color values (HSV
channels) and HOG features from the detected bl8lnsSVM classifier is used to classify these
feature vectors. Although reported results aranwmg, the scenarios are presented in high
resolution and need colors for matching. When pe@das are only a few pixels tall, appearance
cues-based approaches such as these can fail. lifiiis the general application of this
technique, especially for low-resolution scenarios.

The approach presented in [37] combines thermé&h(ed) and optical (visible) imagery
to detect cars in aerial images and uses only tleinmagery for people detection. To detect

people, they use metadata such as the field of efdlve camera and the UAV altitude, since the
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algorithm constrains the size of candidate dete@setangular) regions with a maximum width
and height. These regions are detected using chistering and edge detection to get candidate
locations of humans. Then Haar features are drtfaitom these regions with an AdaBoost
classifier employed for classification. Quantiatresults were not presented.

The only research found that uses image sequencasrial scenarios was [23]. After
video stabilization, foregrounds are detected udnagne differencing. For each candidate
moving object, a sequence of detection window exdlus compute frequency measures to detect
the presence of periodic motion of some body paush as legs and armsSearching for
moving object kinematic features might be processext a period of up to four seconds. The
algorithm was not described in detail, and theee some doubts as to whether this approach
would be feasible in low-resolution sequences.

Another interesting approach is that of [38], whittes single images. This work uses
metadata (latitude, longitude, altitude, as welpésh, yaw and roll) to predict the orientation of
the ground plane normal, the orientation of shadamsl the size of people's shadows. They
detect blobs to get candidate locations of humandstlaen Daubechies wavelet [39] features are
extracted from these areas by scanning a smallémagdow around them. Feature vectors are
then fed to an SVM classifier for classificationunman/non-human. While the algorithm
achieves good results in low resolution X28 pixels image windows), it is not clear that
shadows will always be present in the image. Aaogroblem with this method is that it needs

prior information that may not be available.

2.4 Critiqueof PreviousWork

In summary, state of the art methods in pedestdatection use HOG features in
conjunction with a classifier such as SVM. Howeagproaches that use single images perform
poorly when pedestrians are less than 80 pixelseight. The inclusion of motion features
increases the detector performance. The JoneSaow algorithm [33] achieved good results
on low resolution videos. However, it is possibibat more challenging datasetesq, with
cluttered background, and more variety in viewimglas) would result in lower performance.
Indeed, a subsequent evaluation [13] found that &ipproach fails to detect pedestrians with
heights of 30 pixels or less.
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Our algorithm, described in Chapter 3, differs froemisting approaches since it
compensates for the lack of information in low fa8on images by gathering information over
a relatively longer sequence of images.

There has been very little work on detecting pedest in low resolution aerial images.
The few papers that were found use similar appresmels in stationary surveillance videos. One
of the goals of this thesis is to develop a metiad can successfully detect pedestrians in aerial
videos.

2.5 Detection versus Tracking

As previously mentioned, although our detector usekliple images, it is a detector, not a
tracker. To avoid any potential reader confusietween our proposed detection approach and
tracking, we give a short review of tracking methdaere, along with a discussion of the
distinction between detection and tracking, andre/toeir method lies.

Tracking is a topic that is well studied with widgpplications. Since 2000, tracking
algorithms have focused primarily on surveillanpelecations [27]. Tracking can be defined as
the problem of estimating the trajectory of an obja the image plane as it moves in different
frames of a video.

Of course, detections based on short sequencésd¢abcklets) can be fused into long
tracks. However, in aerial image sequences tal@n & rapidly moving camera, a person may
not be visible for very long, so a long track canatways be assembled. The problem of
assembling detections into long tracks will notdolelressed. The idea of fusing detections into
tracks could be one of the paths for future work.

When image sequences are available, the additioframation may be used to improve
performance. One approach is to apply the singleé detectors to each image and fuse the
results into tracks. The association of detectiots tracks can be a difficult problem. It has
been extensively studied and a number of statistezhniques have been developed. Joint
Probability Data Association Filtering (JPDAF) aktlltiple Hypothesis Tracking (MHT) are
two widely used techniques for data associatioaesg [40].

Tracking methods can be classified into three categ [42]: (1)Point tracking where
the detected objects are represented by pointshenadssociation of these points is based on the

previous object state, which might include objeasipon, motionetc. (see Figure 2.3 (a)). (2)
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Kernel tracking which is based on object shape and appearé.g.,rectangular patch with an
associated histogram, as shown in Figure 2.3 (§®). Silhouettetracking where tracking is
performed by estimating the object region in eadmt €.g., shape matching or contour

evolution, as shown in Figure 2.3 (c)).

N

Figure 2.3: The three main tracking categories.Raint tracking. (b) Kernel tracking. (q
Silhouette tracking.

Usually there is a relationship between the traglalgorithm and object representation
(point, points, silhouette, geometric shapts), and the application domain. For example, to
represent a human body, a contour or a silhoustta igood representation. For object
association, there are many appearance features feseexample, color features, textures,
covariance features, histogram of gradient oriemaetc. ([42], [43], and [44]).

Pedestrian tracking requires gathering informasibaut a tracked subject over a relatively

longer time period than what is required for detect For example, detection requires as low as
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a single frame which could correspond to 1/30 skeaond, whereas the literature on tracking
suggests up to 4 seconds interval length requeiddntify kinematic features of the tracked
subject. In [45] in order to obtain meaningfulcka that capture the motion characteristics over
longer durations of time, sequences of severalngkare used. In [5] tracking is done based on
motion and appearance with mean track durationloféconds, and it might be as long as 4
minutes of tracking with association between targetd computed tracks based on spatial
proximity for at least 3.2 seconds.

The pedestrian tracker of [46] uses the outputhefgart-based detector of [47] to create
what are called tracklets and residuals. A tradklex short track segment of high confidence
detections, and residuals are those with low cenfie@ detections according to a certain
threshold. Tracklet descriptors are based on cotastion, and height. The tracker tracks
pedestrians by associating detections across aatgedrames; however, if no more matches
are found for the current tracked object, the tresckerminated. A new tracklet is created
whenever detection cannot be associated with dtiaeked objects. All the part detection
responses that do not get associated with a treekused as residuals during the tracklet
association stage. The algorithm then associasekléts using the MHT tracker to connect
tracklets into longer tracks. Figure 2.4 illustsatthe residuals, tracklets, and associating

tracklets into final tracks.
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Figure 2.4: The tracklets having same color beloniipe same object trajectory. Associatipn
paths of a tracklet are shown by using the ligetexde of the color used for the trackéeg.
light blue segments are associations path geneuaiad tracklet in deep blue.

The main challenge for the tracker occurs whenafieteoutput is unreliable and sparse
because detectors usually deliver a discrete seesgonses, which yields false positives and

false negatives [44]. A tracker can compensateafounreliable detector by fusing the noisy
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detections into an estimated track state. Falsectiens can be rejected (since they do not

belong to a track) and missing detections can leeaied by predicting the position of the object

from the estimated state. The work of [48] and] [#fck vehicles, and if there is missing

detection, the object location is estimated to cemsate for the unavailable detections.

One advantage of the proposed detector is thanibe integrated into a standard tracker,

which is much easier than integrating other dedectipproaches which are based on single (or

few) frames. For example, if we use Y2 secondmé tduration for detection (Figure 2.5),

and

the resulting detections (tracklets) are used pstito a tracker system; tracking information can

be used to estimate locations of missed detectidiss reduces the number of false negatives

and improves the overall performance of the system.
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Figure 2.5: Short- term detections (in red) for 8eégond each can be integrated into Ig
duration tracking€.g.3 seconds). Tracking information can be use@tover from miss-
detections. Volumes in red color represent Trudtives (TP), and volumes in blue colg
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CHAPTER 3: PEDESTRIAN DETECTION METHOD

This chapter describes the new pedestrian detectethod in detail. Experimental results
and analysis will be presented in Chapter 4. 8ecB.1 gives an overview of the approach.
Sections 3.2 and 3.3 discuss the methods for vielgistration and detecting ROIs, respectively.
A detailed description of volume formation and feat extraction is presented in Section 3.4.
The classification technique is discussed in Sac8d, and Section 3.6 summarizes training

details. Section 3.7 describes the process ofmmaximum suppression.

3.1 Overview of the Approach

Figure 3.1 shows the architecture of the entireepin detection system, which contains
two phases: a training phase and a detection ph&sehe training phase, positive training
examplesi(e., volumes containing pedestrians) and negativaitrgiexamplesi., volumes not
containing pedestrians) are created. Featureshare extracted from these volumes. These
examples are used to train a binary classifierctwig used to provide classification decisions.
Figure 3.1 (a) shows this training phase. Thediiete phase is shown in Figure 3.1 (b). In the
detection phase, the binary classifier construdigtng the training phase is used to scan over
detected ROIs in sequences of unseen testing imtage=arch for pedestrians. This phase has
several components: video stabilization (for aevideos), ROI detection, formation of spatio-
temporal volumes, feature extraction, classifiggtend non-maximum suppression.

In this work, color images are not used since wsumed that color does not contribute
significantly to detection. It may be useful foadking, but color (in the form of the hue and
saturation component) is not a useful indicatorthed presence of a pedestrian. Shape (as
estimated by the gradient of image magnitude) isemuseful. Therefore, we first convert all
color images to grayscale prior to processing.

3.2 Video Stabilization

Video stabilization is applied to short overlappsgguences of 32 frames. We start with
the first frame of each sequence and use it asrdfezence frame for the sequence. The

remaining frames are registered to the first framide results are overlapping groups of 32
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frames, which are co-registered. This aids thd s&ep, which is to detect regions of interest
containing potential moving objects. In the ca$eideos taken from stationary cameras, the

stabilization step can be skipped, since the imageslready co-registered.

Trainng phase Detection phase
Video Stabilization Video Stabilization
ROl Detection ROI Detection
: ! R !
Create taming sequences of negative Slide volumetnc window over detected
examples and positive examples ROI on image sequence
r ! o ! :
Feature extraction Feature extraction
Train binary classifier Feed to the binary classifier
v ¥
Constructed classification model ) .
Non-maximum suppression
Classificatons: pedestnan non-pedestrian
| @ _(b) | |
Figure 3.1: The architecture of our overall pedastdetection system which contaips
two phasestraining phas anddetection phas

Image registration (or image alignment) is the psscof transforming one image to
minimize the difference between it and anotherefesice) image. LeT(p; b) represent a
transformation, wherp is a pixel location ant is a vector of parameters. The transformatjon
= T(p; b) takes the pixel locatiop from the first image and maps it to a pixel locaty in the
second image. The goal of image registration inid the parameters that minimize the error

between two imagds andl,; i.e., minimize
E= Z[I 2(T(p;b))_ |1(p)]2 .

One method to estimate the transformation parasiédeto first find a small number of
corresponding points between the two images. Tipesats, called “tie points” or “control

points”, can be selected manually or discoveredraatically. In our work, we find the
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corresponding points automatically, as describddvwbe Once we have a sufficient number of
corresponding points, we can solve for the trams&tion parameters. Figure 3.2 shows a simple

example of a spatial transform that maps ppifibm one image to poirg in another image.

[

Figure 3.2: Example of transformatio betweertwo image.

T

In our work, we use a “homography”, or “projectivansform”. This has the form

b, b, by p
q-= T(p; b) =|by b,, by Py
by by, by N1

where q is the transformed point in homogeneous coordiafEo recover the coordinates of
the pointg from the homogeneous coordinates, the resultimgt @ must be scaled so that the
third element equals 1.€., by dividing g by its third element). A homography has 8 unknown

parameters (although the matrix has 9 elementsg re only 8 degrees of freedom due to the
scaling), so at least four corresponding pointsegeired to solve for the transformation.

A homography can accurately model the projectioragflane from one viewpoint to
another viewpoint in a projective camera such pghole camera. In our problem domain, we
assume that the camera is looking down at the gkowhich is approximately a planar surface.
Thus, the homography transform models the reldtipnsetween any image in the sequence and
the reference image.

The assumption of a planar surface is only anapration, although it is usually good
if the camera is high above the ground. Howevay, @bjects (such as buildings and trees)
above the plane will be miss-registered, and maylréen ROIs that do not correspond to actual
moving objects. Our classifier will subsequentljefi these out, since motion patterns within
these ROIs do not match the patterns of a walkerggn.

To automatically determine corresponding pointstridacorner interest points [50] are
matched between the reference image and each sdngempage. A large number of points are
used, to achieve better accuracy. However, sonigegboint correspondences may be incorrect.

These outlier correspondences will corrupt thenested transformation, and it is important to
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filter them out. We use the RANdom SAmple Consen@RANSAC) algorithm ([3], [51])
which is a widely used approach to this problenmie RANSAC algorithm starts by selecting a
minimal set of points randomly and solving for tinensformation. It counts the number of
points that agree with this transformation. Ifsthransformation has the highest number of
inliers so far, it is saved, and then the algoritiepeats for a number of trials and returns thé bes
transformation.

Figure 3.3 shows the idea of overlapped groupdfé@nes. We perform registration for
each sequence of 32 frames, and then shift theerefe frame by four frames. Algorithm 1

presents the overall process of video stabilization

Algorithm 1: Video Stabilization

Input: Frames of aerial videofi{ f,, fs, ..., fn}.

Output: Registered frame groupsi{ R, R, ..., Ry}

=1

whilei <ndo

sequence_counrt 1

freference— fi

R« {fi}

IP «— Find Interest Point&{eferency

k=i+1

while sequence_court32do
MIP «— Match interest points betwe&gerenccandfy
H = Fit a homography betwedR andMIP
Transformfi usingH, and append to the d&t
sequence_courtsequence_count 1
k=k+1

end
) i—i+4
end

3.3 ROI Detection

After stabilization, background subtraction sed to identify foreground objects in the
scene for subsequent analysis. The literature aokgmound subtraction and motion
segmentation is vast, and there are many surveyhdatopic of background subtractioe:,d.,

[52], [53], and [54]). Background subtraction apgches were developed as early as the 1970s;
for example the work of [55] which used frame differencing tietect moving objects.

Subsequent approaches proposed the use of sttmagthods to model the background.
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Figure 3.3: Examples of overlapping sequences dfeBies each (to be registered together).
(a) Sequencel: framel to frame32. (b) Sequenca@eh to frame36.

The work of [4] proposed the use of the median @/&rindow of images to model the
background. [56] presented the idea of modeliegddickground by representing each pixel with
a mixture of Gaussians and updating the model trer. The updating was done recursively,
which can model slow changes in a scene, but pad hanges. Most methods assume that the
scene is observed over a (relatively) long peribdiroe, and that changes in the scene occur
gradually.

In our application, we may not be able to obsehe gcene for a long period of time.
Thus, we have to compute a “local” background mdaiebnly a short sequence of images. The
method we use is very simple. We compute a backgtonodel for each group of 32 registered
frames by computing the mean of the frames. Algfoit is a simple model, the experiments
show that it is reliable in detecting initial foregnds.

We then take the difference between the middle éram each sequence and the
background model for that sequence. Initial fooegd pixels are identified by thresholding the
difference imageD. These foreground pixels could correspond to mealing objects or
possibly static objects due to non-perfect stadttion. The difference between current frame at

pixel (i,j) and the background is:
D@ =1 @ )D-BG )l

A pixel in the difference imagP is classified according to an empirical threshilds follows:

.| Foregroundif D (,})>T,
DGO { Backgroundif D (,j)<T_
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In our work, the threshold was empirically set ®-25 (depending on the image sequence).
Morphological opening and closing operations argliag to eliminate small regions and join
broken regions. Then connected components araftauoebtain initial ROIs. The final ROIs
are the ones that pass the final area thresh&jdandA4. For example, a ROl is included as a

member in the final ROI set if its area in pixedsisfies the following condition:

A < Area, <A,

In our work, these area thresholds were empiricadlyto 20 and 500 pixels, respectively. An

example of an image containing the final ROIs isvamin Figure 3.4.

(@) (b)

Figure 3.4: An example of detected ROIs shown apThe binary image
(b) The registered Image.

3.4 Formation of Spatiotemporal Volumes and Feature Extraction

A sliding window of size 32x32 pixels is scannedhii the bounding box of each ROI
detected above (see Figure 3.5). At each posi#ospatiotemporal volume is created by
extracting a sequence of subimages (slices), ated position in the registered images, kbr
frames (we used up to 32 frames). At a typicaleranframe rate of 30 frames per second, this
corresponds to a duration of up to one secondRggee 3.6).

The slice window size was chosen to be 32x32 pixEtés size is large enough so a
pedestrian remains within the window throughoutdbgquence at normal walking speeds, which
usually corresponds to about %2 pixel per frame.nc&iour detector is trained to detect
pedestrians with a height of approximately 20 @x#iis allows a border of about 6 pixels above

and below the person.
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Figure 3.5: The sliding window is shown in gre€fhe bounding boxes of detected
ROIls are shown in blue. For example, the green avinglides from ROI corner poin
(r1, @) to (r, ) searching for pedestrians. Note: the grey apeadft and bottom
borders) results from the image registration preces

—

To handle possible variations in scale, we extvatimes at multiple scales in the image
sequence by creating a pyramid of images of diftesezes. A scale factor of 0.75 is used
between levels of the pyramid (for a total of 6gmgrd levels). This allows us to detect people
that are taller than 20 pixels — the detector ddtect people at the level of the image pyramid

where the height is about 20 pixels.

volume
Blocks of
features

o
B

(a) (b)
Figure 3.6: (a) Spatiotemporal Volume of size ofpd2ls x 32 pixels N slices. (b)
Features from all blockthe volume are concatenated into a single feateiceoy

Feature
Vector

32 pixels

3.4.1 FeatureExtraction

The next step is to extract features from the seofeslices that make up the volume
(Figure 3.7). We first compute the image grademneach point in each slice. This is done by
convolving a gradient maskl with the gray scale imagein x andy directions. A simple

scheme of centeredl-mask is used as follows.
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G, =M, Cl,whereM, =[-101]
G, =M, 0l ,whereM =[-101]

The resultings, andGy are used to compute gradient magnitude and otientas follows.

1G(%Y) |2 /G, (% y)? +G, (% y)?

G,(xy)

tan@(xy)) = = (xy)

=

(a) b) ( c) (
Figure 3.7: Spatiotemporal Volume. (a) Positiveregke. (b) Gradient. (c) Computed HOG
with block (shown in red color), and cell (shownyellow color

S

HOG features are then extracted from each of ticessthat make up the volume. We
divide each 32x32 pixel slice into square cellpiftslly 4x4 pixels each), and compute a
histogram of gradient directions in each cell. diat directions are quantized to 9 bins, which
represent unsigned directions from 0°-180°. Eaxél pvithin the cell casts a vote for the bin in
the histogram corresponding to its gradient dicegtweighted by its gradient magnitude. The
result is a histogram for each cell, consisting ofalues. Figure 3.8 shows an example of the
steps of extracting HOG descriptor features fronmzage.

Following the method of [2], cells are grouped ifpossibly overlapping) blocks, where
each block consists ofx2 cells. The histograms from each cell within thieck are

concatenated to make a combined histogram, witll&@ents.
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Block 9 Orientation bins

m 2 cells = 2 cells for each cell gjock
";q m *H * l ‘d -
. | Gradient Or:en_t;EEn HOGs

Voting
Figure 3.8: Interpreting gradient orientations irlobins histogram for each cell, and

computing HOG features. Slice size isx32 pixels, cell size is>#4 pixels, block size is>2
cells, and number of bins is 9. (Note: assuminglbtaverlapping

For example, assume we have the image of Figu(a)3.9he block (of sizex2 cells) in
red color has the following feature vector, wheagelecell (in yellow color) has a size ot4
pixels. Each pixel within this cell casts a gradienagnitude weighted vote for an orientation

based histogram channel. The HOG feature vectthi®block is

f=(ht,...h, RZ,...h2, b,k hi hd).

For example, for the second cell, the 9 features ar

(h2....h2).

Assume the orientations given in Figure 3.9(b) tredmagnitudes given in Figure 3.9(c); the
magnitude voting for 9 bins can be as shown in f&gu9(d).

Finally, the histograms from each block and eaateshre concatenated into a single
large vector. This represents the feature vecothfe volume. More about the best choices of

key parameterse(g, cell size, block size, number of bins) will bedissed in Chapter 4.

3.4.2 Normalization

The gradient magnitude can vary widely in images tb changes in illumination. To
avoid undesirable effects on detection performangenormalize the gradients. Normalization
can be performed in the input space.(the image values) or in the feature space, (the
histogram values). Normalization in the input spatounts to rescaling the intensity of the
pixels of the images. This normalization stratégg little or no effect on performance and
sometimes decreases the performance. Normalizatidwe feature space outperforms the one in
the input space ([2], [57], and [58]).

31



In the work of [59], they normalized gradients wiitreach block. This was done as

follows. Letv be the descriptor vector for the block anlde a small constant. They normalize
each vector using the equation

] 17 24 26 4] 18 15 9
11 14 23 29 4 12 15 6
45 95 113 112 18 32 31 41
47 97 111 121 52 68 68 80

(b) Angles. (c) Magnitudes

- NMagrituls voting

_-]
o s

0-18 203 40859 €079 8099 100-119 120138 140150 160-179

(a) Pedestrian. 01 J

(d) Histogram.
Figure 3.9: Example HOG feature vector for one cfllsize 4«4 Pixels. (a) An
example pedestrian. (b) The computed orientatiamsohe cell. (c) The computed

V
2
Nk

where ||v||§ is the squared Anorm. The magnitude of the vector was then clippe an

empirically defined threshold, and renormalizediaga

In our algorithm, we normalize gradients within ledgolumetric block”. A volumetric
block is the set of blocks at the same place inirtiege, across all slices, as shown in Figure
3.10. We use empirically derived values in ranfy8.001 to 0.0001 for the constastand clip
the feature vector magnitude to an empirically i threshold, and renormalized again. The

result of the normalization step is a set of featectors that are better invariant to changes in
illumination or shadowing.
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Figure 3.10: (a) Volumetric Block. (b) Spatiotemglorolume of 16 slices.

3.4.3 Dimensionality Reduction

The feature vector size is determined by the nuraberientation bins in each ceti,J),
the number of cells in each bloakds), the number of blocks in each slicg {9, the number
of slices per voluménsjiced. FOr example, using a volume of 16 slices, edick sf size 3232
pixels, cells of size 4 pixels with 9 bins for histogram.€., the angular histogram bins are
evenly spaced over 0°-180°), with block of siz& Zells with no overlap between blocks, the

feature vector sizé={/s) can be computed as:

FVS = nslices X nblocks X ncells X nbins

FV, =16x16x4x9=9216features

If block overlap is allowed, there are more blogkseach slice and the feature vector size is
correspondingly larger.

It is desirable to reduce the size of the featueetars if possible. Using lower
dimensional features produces models with fewearpaters, which speeds up the training and
detection algorithms, while keeping a reasonabléeati®n performance. The Principal
Components Analysis (PCA) technique has been wseadihensionality reduction in many well
known computer vision algorithme.@., SIFT descriptor [59] and HOG descriptor [3]). Man
pedestrian algorithms apply PCA to their featuretoes, €.9.[60]).

Following this reduction method, PCA is used touaathe dimensionality of the features.
Feature vectors are transformed to principal corapbrspace, and only those principal

components that account for the most varianceeardtiia are kept. In the learning stage, a large
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number of 36-dimensional HOG featurase.( for each block) are collected and PCA is
performed on them. The number of principal comptsmds determined using the rate of
cumulative contribution. Eigenvalues are usedaicuwate the cumulative contribution rate to

determine the number of dimensions as followingsuime we initially have eigenvalues

A2A,2..2 20

n

The contribution ratey of thek™ principal component corresponding to the eigere/alis

defined as

A

Zinzl/]i

The cumulative contribution rate of the firtprincipal componentsi( < n) is defined as

ZLAi

Zinzl/‘i

To reduce the dimensionality, we use half of thagapal components. Experimentally,
we find that the top 50% of the principal composestcount for 80% to 90% of the variance in
the data.

Let's assume that is the feature vector of training exampleand we haveN training

vectors, each of dimensidh. The mean vector can be defined as

-_1
V= N Zi'\ilvi

The full orthonormal matriXJ can be obtained by solving the eigen equation efctiwvariance

matrix > .

SU =UA, (UUT =1)
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2= 2000

where A is the diagonal matrix of which the diagonal elatseare the eigenvalues. The
principal scores (the representation of featureshe principal space) are obtained using the

projection matrixU as
y, =U T v, = \_/)

These are the new features projected in the newespa., the output of the PCA algorithm).
After training on reduced dimensionality featurdge(chosen subspace using truncat@dthe
PCA scores for any HOG features are computed usilsgequation according to the selected

number of principal components. The results of RRPeriments are discussed in Section 4.6.5.

3.5 SVM Classfier

SVMs were proposed by Vapnik ([17], [18]) and hgieded excellent results in various
data classification tasks. The SVM classifier bagn adopted in human detection in many
computer vision algorithms. SVM is effective inghidimensional spaces, even in the cases
where the number of dimensions is greater thamthmber of samples. This section gives a
short explanation of SVM and defines some termeted|to SVM classifier used throughout this
thesis.

During classification, the SVM uses a subset ahing points in the decision function.
These points are called support vect&gs The use of a subset of training points.(theSV3g
saves the memory cost. In addition, there are nkamgel functions that can be used for the
decision function. As a common example, kernekfiom can be defined as a function that
corresponds to a dot product of two feature veciorsome expanded feature space (kernel
examples will be shown later). There are some comikernels used, and it is possible to
specify custom kernels [61].

To define some terms, assume we have the two dioraislata of Figure 3.11. The data
include some positive and negative examples. W@k for a linear function (hyperplané))
that separates the two classes. The best disaiimmfunction is the one that maximizes the

margin between positive and negative examples. dJsn linear model, the two-class
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classification problem can be put in the fofitx) =w'x+b, wherewdenotes the learned
weights (weight vector)w is normal to the separation line abds a bias parameter. Assume
we have training data, such thafx,,y,).....(X,y,)OXxY,Y ={- & 1} For positive and

negative examples
X; positive(y, =1): wx +b=>1
X; negativgy, =-1): wx +b<-1
For support vectorswx +b =+ ,Jas shown in the figure below. The distance betwe

point and hyperplane FLV\;lxliTIbl Therefore, the margin is given ﬁ»}—” and we need to
w W

maximize this margin to have good separation. Ehéjuivalent to minimizingw |f, see [62]

and [63] for more details. The purpose of trainsgp findw andb such that:

1
argmn—-w w

w,b
Subject toy, (wx, +b) =1

This is an example of a quadratic programming m@obin which we are trying to minimize a
guadratic function subject to a set of linear ireijy constraints.

To solve this problem, Lagrange multipliers areraduced and the solution is

W=Zi0’i y.X , where a, is the Lagrange multiplier, and is support vector.a; # 0only for

SVs. The final SVM predictor (the decision funcli@an be expressed for test poiats
f)=w' x+b=3%__ ayx' x+b
Givenf(x), the classification of a new point x is obtained a

+1 f(x)>0

y=sign(f(x»={_1 (%) <0

i.e., y=signw’ x+b)
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Figure 3.11: Example of two dimensional data inekidpositives and negatives. The
hyperplane separates the examples into two classes.

In the case where data is not linearly separabéeptiginal input space can be mapped to

some higher-dimensional feature space where thertgeset is separable:
d:x - D(x).

A simple example is shown in Figure 3.12. Assulmeg tve need to separate the red
circles (positive examples) from the blue circlesdative examples) on a plane as shown below
on the left figure. Transforming this data inthigher dimensional space..,3 dimensions in
this case) through the mapping shown in the figuoetld make the problem much easier since
the points are now separated by a simple planés éhbedding on a higher dimension is called
the kernel trick.

If we define a kernel function K such thai(x,,x;)=®(x;) [P(x;), where ®(x) is a

feature space transformation, then in order toslasmew datax;, the decision boundary

becomeimvai Y,K(X;,X;)+b. The following are examples of commonly used &ern

functions:

e Linear kernel:K(x;, x;) =x" X;

. . _ T
* Polynomial kernel:K(x;, x.) = (L+x; xj)p

ir N

X —X. |P
+ Radial-Basis Function (RBF) kerr€(x, x;) :exp{—”'z—;”J
o
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Figure 3.12: A simple example when the originaluingpace is mapped into some
higher-dimensional feature space where the traisaigs separable.

In this thesis, two SVM kernels — a linear kernedl @ radial basis function kernel were
used. Although the nonlinear kernel gives slightipre accurate results, for simplicity and
speed, the linear kernel is chosen as the basgéasifier throughout this study.

In practice, the class-conditional distributionsynoaerlap, so the case of exact separation
of the training data could lead to poor generalrat Therefore the SVM is modified to allow

some of the training points to be misclassifiedt(swargin). To do this, slack variables =0
are defined; where=1,...,N, and ¢, = Ofor data points that are on or inside the comeatgin

boundary ([64], [17]).
Therefore, adding the slack variables to handle -separable cases makes the

N
optimization problem becomeargminCan+%||w||2 such that y, (wx +b)=1-¢, and
wb,§20  p=g

¢, 20, where the regularization paramet€r>0 controls the trade-off between the slack
variable penalty and the margin. In the li@it. o, the SVM for separable data is recovered.
In the experiments shown in Chapter 4, a freelylavie@ SVM-based classifier is used:
the OSU-SVM toolbox version 3.0 [65]. This is a MIBAB SVM toolbox based on the C++
package SVMLIB. It retains the high efficiency 8V MLIB but at the same time has the

convenience brought from MATLAB.
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3.6 Training

The data is separated into two sets: a traininguseta testing set. The training set is used
to train the classifier. Each instance in thenirgg setX contains one target value and several
attributes. The target value is called class labve for our binary case its value is +1 for
pedestrian example and -1 for non-pedestrian examplhe attributes are the features or
observed variables that represent each example. gdal of the learning process is to produce
an optimal decision functiori (based on the training data) that can recognizgegigan

examples.

f:R™ - {-1,+1}, that is based on ddtg, y,),....(X, Y, ) O X xY,Y ={- +1, 1}

where | is the number of training instances that are wecbelonging to the spaeel] R™.
This function predicts the target values of uns@est) data correctly given only the test data
attributes.

The first stage of training is to create the tnagndata which contains positive examples
(subwindows containing a pedestrian) and negatixamples (completely person-free
subwindows). To extract positive examples (FiguB$3) from the training videos, the
following procedure was followed. A pedestrian wasnually selected in one of the images (in
one of the detected ROIs) and a square subwindesvextacted from the image surrounding
the pedestrian. This subwindow was scaled suchthigaperson was 20 pixels tall, and the
subwindow size was 32 x 32 pixels.

This size is large enough so the pedestrian remaitisn the window throughout the
whole sequence, at normal (moderate) walking speglish usually corresponds to % pixels
per frame. Training pedestrians were chosen uhided, centered in the middle slice (central
slice) of the sequence, with no interference witleo pedestrians, and away from image borders.

Next, a sequence of subwindows was extracted flanregistered images; half of them
preceding and half of them following the centrahgm, at the same fixed place in all (registered)
images, and the subwindows were similarly scal@dtotal of 32 such slices were assembled
into a spatiotemporal volume, representing a sipglsitive example. We placed the starting
position of the central window to ensure that tlespn remained in the 32 x 32 window

throughout the duration of the 32 slice sequence.
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Figure 3.13: (a) Positive examples. (b) Each 2 rofv382 windows (slices) comprise or
positive example. In each example, slice at timie shown on top left, and slice at time

e

Negative examples (Figures 3.14) were also exiafitam the training images. These

were spatiotemporal volumes of the same size apdbitive examples, but sampled randomly

from completely person-free areas of detected ROl binary classifier is trained using these

examples.

3.6.1 Cross-Validation

The performance of SVM classifier depends on theoehof the regularization parameter

C and the kernel parameters. For example, for R&FRd&, the bandwidth parameteis the

only kernel parameter to be selected. Adaptinghiyyger parameters is referred to as SVM
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model selection. One of the simplest and most lwideed methods for estimating prediction
error is cross-validation. Cross-validation wagdiso select the value @ to be used with

linear kernel, and also to sel€ctindy for the RBF kernel.

Figure 3.14: Negative examples. Each 2 rows of @ews (slices) comprise one
example. In each example, slice at timestshown on top left, and slice at timgis
shown on bottom right.

Let L(TrueClassPredictedClas be the price paid for classifying an observation

belonging to clasS,asC,. So, if we have input exampbk with predicted class(X), and

actual clas¥, the expected prediction error (or expected test)is
Err = E[L(Y, f (X))]

This method directly estimates the expected dfrorthe error when method (X) is applied to

an independent test sample from the joint distrdouof X andY ([66], [61]).
In cross-validation, data is partitioned im@egments. One sample is chosen as a validation

set and the accuracy of the model derived fronré¢n@aining(n-1) segments is scored. This is
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repeated for all the samples so that every sample acts as a validsgibnThe predictive error
obtained is used as a measure of internal validatiothe predictive power of the classifier
developed using the full data set. All aspectshef classifier development process should be
repeated. For example, if we use 5-fold crossdadibn, part of the available data is used to fit
the model, and a different part to test it. Th&ada split into 5 roughly equal-sized parts. The

scenario looks like the following:

1 2 3 4 5

Train Train Train|Validation| Train

For then™ part (fourth above), we fit the model to the ottrerl) parts of the data, and
calculate the prediction error of the fitted modglen predicting tha™ part of the data. We do
this forn =1, 2, ..., Jand combine the 5 estimates of prediction error.

In this work, 5-fold cross-validation was used farameter selection, by partitioning the
training data into 5 equally sized segments and itexations of training and validation were
performed to pick the best parameters for the S\ékhéls.

3.6.2 Basdine Classifier

The baseline classifier throughout this thesis ubesfollowing parameters (except if
specified otherwise): blocks are of size2Zells, with no overlap, and each cell consistd>af
pixels. The gradient filter [-1, O, 1] is usedpfs are used for gradient orientations, and we
normalize volumetric blocks using the L2-Hys normhe size of image slices 3@x32 pixels
and a soft linear SVM is used with control paramé&e= 0.01. The parameters were set using
cross validation or empirically. Section 4.4 oé thext chapter shows how the best choices of

key parameters are made through experiments.

3.7 Non-Maximum Suppression

Non-maximum suppression (NMS) is applied to alledabns in the image with
confidence above a certain threshold as a postpsoae step to remove redundant detections.
NMS is the task of finding all local maxima in area of an image. The first appearance of the

term of ‘non-maximum suppression’ was in an edgeed®n context [67], and then it was
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adopted for other applications. The work of [6Bpws different aspects of implementing NMS
tasks.

As described in the algorithm above, during testngolumetric detection window is
scanned across detected ROIs in the image seqgataligositions within the ROI and all scales
within the image pyramid. The detector typicalngrates many multiple responses around the
target objecti(e., the pedestrian). A standard convention to dati this is to remove any
detector responses in the neighborhood of detextidtt locally maximal confidence scores.

Each detection is defined by a score and a bourtshndBB). The score is the decision
value the classifier produces as a classificatiotput. TheBB is of the same size and at the
same X, y) coordinates of the detection window that detethedpedestrian. For each instance
of a pedestrian, we may get multiple overlappinggd#ons; that isoverlappingBBs

Detections are sorted according to their detea&sision value. Then a greedy algorithm
is used to select the detection with the highestesand nearbBB detections are merged to a
single final detection. ThBB that is covered with at least 50% of previ@Bis considered a
repeated detection and eliminated. This methazbmmonly used by other researchers in the

field of pedestrian detectiore.g, [3]).
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CHAPTER 4: EXPERIMENTSAND RESULTS

This chapter presents the experimental work, tm®wa datasets used for evaluation, and
the results and findings. In addition to evalugtour algorithm, we compare our results to two
other algorithms: the Dalal-Triggs algorithm [2]hieh is among the most popular approaches
for single frame pedestrian detection, and the damel Snow algorithm ([1], [33]), which was
the best performing algorithm on low resolution g&tdans that we found. If we limit our
algorithm to use only a single image, it is essdiytithe same as the Dalal-Triggs algorithm.
Therefore, we can directly compare the performaricaur algorithm to that of the Dalal-Triggs
algorithm on each of the datasets. In the caskeofones and Snow algorithm, we did not have
an implementation of that to work with. Howevewnds and Snow give performance results on
one of the datasets that we used, so we can corapagtgorithm to theirs on that dataset.

Section 4.1 gives an overview of metrics used talwate algorithm performance.
Datasets used are presented in Section 4.2. 8ecB8ayives an overview of the results. Section
4.4 analyzes the effect of the number of slicesperformance. Detection examples and
discussion are presented in Section 4.5. Perfarzenand the effect of different parameters are

discussed in Section 4.6. In Section 4.7 we dstus effect of frame randomization.

4.1 Evaluation Metrics

Different measures can be used to evaluate diffecharacteristics of classification
algorithms. One well known approach used for esablg a detector's performance is the
Receiver Operating Characteristi®OC) curve. The ROC is based on another commasey
evaluation tool called theonfusion matrix[69]. These two tools are used because of their

ability to visualize characteristics of binary ddrs.

4.1.1 Confusion Matrix

In the machine learning field, a table known a®ifasion matrix is used to visualize the
performance of an algorithm. Its name reflectsfdoe that the matrix makes it easy to see if the

system is confusing two classes. The confusiomixnedntains the information about actual and
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predicted classifications made by a classificasgatem [70]. Table 4.1 shows the confusion

matrix for a two-class classifier.

Table 4.1: Confusion matrix for two-class classifie

Predicted Class
Positive Negative
(pedestrian) (non-pedestrian
@ Positive
) (pedestrian) TP FN
% Negative
= | (non-pedestrian FP TN

This matrix forms the basis for many commonly useatrics in the object detection field.
The numbers along the major diagon8lP(TN) represent the correct decisions made, and the
numbers off this diagonaFP, FN) represent the errors (the confusion) betweercldmses. In

the context of this study, the entries in the cerdn matrix can be defined as follows:

» False Positives (FP): examples predicted as positive (pedestrian), whiehfrom the

negative class (non-pedestrian).

» False Negatives (FN): examples predicted as negative (non-pedestridmsavtrue class
is positive (pedestrian).
» True Positives (TP): examples correctly predicted as pertaining to fbsitive class

(pedestrian).

» True Negatives (TN): examples correctly predicted as belonging to thgative class
(non-pedestrian).
In this thesis, “examples” are the volumes withi®IR that were tested and classified by the

detector.
In this work, we use standard metrics that arengéefibased on the entries of the confusion
matrix. The “Detection Rate’DR) measures how accurate the classifier is in sgrisigets of

interest. It is the proportion of positive exangplpedestrians) that were correctly identified.
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DR s also called “Recall”, “True Positive RafERR”, or “Sensitivity”. DR is calculated using

the equation:

_ PositiveCorrectly Classified
Total Positive:

DR

ore_ TP
TP+FN

The “False Positive RateFPR) is the proportion of negative examples (hon-petes)

that were incorrectly classified as positives (jstdens), as calculated using the equation:

Negativedncorrecty Classified
Total Negatives

FPR=

FP
TN+FP

FPR=

Another commonly used metric is “Accuracy”, whiahthe proportion of the total number

of predictions that were correct. It is determinethg the equation:

_ CorrectlyClassiecExamples
Total Numberof Trials

Acc

TP+TN

Acc=
TP+TN+FP+FN

We define the rati@ as the proportion of positive class in the dataseh that

whereP is the number of positive examples, a&hds the number of negative examples. We can

obtain the following equation:

Acc= S xsensitiviy + (1- ) x specificiy
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If a dataset is balanced, thér 0.5; in this case, maximizing the overall accurscgqual
to maximizing both sensitivity and specificity withe same weight. However, in the case with
an imbalanced dataset wift= O (positive class minority), maximizing the ovématcuracy will

bias toward maximizing specificity more than sawiit, and vice versa g8 approaches 1.

4.1.2 Receiver Operating Characteristic (ROC) Curve

The ROC curve is a useful tool for visualizing ae#aluating binary classifier
performance. It depicts the tradeoff between ditiés DR) and false alarm rates of a classifier.
The ROC curve illustrates the performance of aryinglassifier system as some of its
parameters are tuned (varied). It is created bitipy DR (y-axis) versu$PR (x-axis); that is
the fraction of true positives out of the total wadt positives versus the fraction of false
positives out of the total actual negatives ([T12], and [73]).

To show some details of how to read the ROC cufigyre 4.1 shows examples of three
ROC curves. Point (0, 0) represents a non-postlassification; this means the classifier's
output was negative all the time. Point (1, 1) e other hand, represents all-positive
classification all the time. That is, the outpfitiee classifier was always positive. Point (0, 1)
represents perfect classification, whereas poin0)Iepresents perfect misclassification. Thus,
the ROC curve helps in choosing a threshold whietinds a point towards the top left of the
curve that has the effect of maximizif@R while minimizingFPR (in the direction of the red
arrow in Figure 4.1).

L
-

Increasing TPR

classifier

(0,0 > (1,0
Increasing FPR

Figure 4.1: General example of ROC curve|
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The operating point for a classifier can be chagethat the classifier gives the best trade-
off between the costs of decreasing true positagenst the costs of increasing detected false
positives. For example, if the target applicatisna surveillance system and all positive
responses must be shown to a human operator whontamprocess a certain number of events
per some time period, it is important to limit tfadse positive rate to some acceptable value.
The performance of the classifier is then deterohibg the detection rate at that false positive
rate. This can be used to compare two classifiefer example, in Section 4.3, when we
compare our method to other detection methods;wakiate our systemBR at the sam&PR

that the other methods use.

4.2 Experimental Procedure and Datasets

Following the method of [3], a detection is consaikto be correct if there is at least 50%
overlap between the detection window and the grduuntti;i.e. they share 50% of the area. To
save time, we apply the detector to every fourdmt in a sequence, instead of every frame. We
still construct the volumes using up to 32 conggeurames, but the volumes in time direction
are shifted every four frames. We treat detectaindifferent times as if they were independent.
This means that a pedestrian detected in framex dnd also in frames 5-36 is counted as two
detected instances. A tracker (perhaps developeduture work) could assemble these
detections into a single track.

There are a number of datasets that have beenfos@eédestrian detection. Many of
these are specifically designed to evaluate peadastietection from moving cars. Since our
target application is surveillance video from sta#iry or aerial images, these datasets are not
appropriate for evaluating our system. Other ddtasonsist of video taken by indoor
surveillance cameras. In these datasets the paopleeslatively large in the images. Since our
target problem is detecting people in low resolutinages, these are also not applicable.

We found five commonly used datasets that are septative for our application. These
are two stationary camera datasets (PETS2001, VIRAdlic 1.0), and three aerial datasets
(VIRAT Fort AP Hill, UCF-2009, UCF-2007). In theationary datasets, videos were collected
from a stationary surveillance camera. In sucmages, no video stabilization is needed. All
the images were converted from color to graysdaleescolor information was not used during

feature extraction. In addition, grayscale imagege used during image registration.
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All these datasets are low resolution; however, tbght of people in some images is
greater than 20 pixels. Although our detector @esigned to detect people with heights of 20
pixels, it can still detect these larger pedestriaBince an image pyramid was used, the detector
can detect people at the image level where thenheigs about 20 pixels. This guarantees that
at some level of the pyramid the people will beselto 20 pixels height and can be detected by

the algorithm.

4.2.1 Stationary Datasets

The PETS 2001 dataset was released in 2001 [7HTSP2001 is probably the most
popular of the PETS series in automated survedlaesearch [67]. The PETS 2001 dataset was
also used by Jones and Snow to evaluate theiritigo[33]. The PETS 2001 dataset contains
16 video sequences of about two to four minutegtterwith a frame rate of 25 frames/second,
and frame size of 768 pixels in width and 576 Exalheight. Half the videos are designated as
training, and half for testing. The sequences viaken by two stationary cameras mounted on
high vantage points looking down upon a street@artting lot in front of a building. Cars and
pedestrians periodically move through the scertbffarent times of the day with different light
conditions (Figure 4.2).

The second stationary camera dataset is the stiaidiRAT (Video Image Retrieval and
Analysis Tool) dataset. This dataset was desigoette realistic, natural and challenging
for video surveillance domains in terms of actestiand pixel resolution on pedestrians [7]. The
video sequences were taken by stationary camerasynad the top of high buildings to record
large numbers of event instances across a very aneke while avoiding occlusion as much as
possible. The cameras look down upon a scene inorgastreets with buildings, trees, and
parking lots. Cars and pedestrians periodicallwenthrough the scene. Pedestrians in this
dataset appear in cluttered backgrounds and havidearange of appearances, due to different
poses, body sizes, and outdoor lighting conditionBhe dataset consists of twenty video
sequences; each approximately 0.5 to 5 minutesHenigh a frame rate of 30 frames/second,
and frame size of 1280 pixels in width and 720 [sixa height. The heights of pedestrians
within the videos range from 25 to 200 pixels (Fegd.3).
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Figure 4.2: (a) and (b) Two frames from PETS 20@).Four different example
sequences. Note: video sequences were taken atedifftime of the day, with
differentillumination conditions

-

@ e (b)
A o o 4 5 S i i W R S i i et

(©)
Figure 4.3: (a) and (b) Two frames from station®fRAT. (c) Positive examplg
seguence
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4.2.2 Aerial Datasets

The VIRAT Fort AP Hill aerial dataset was recordesing an electro-optical sensor from
a military aircraft flying at a height up to 100Cetars. The resolution of these aerial videos is
640x480 with 30Hz frame rate, and the typical pixeight of people in the collection is about
20 pixels. The data was collected in natural ssg¢aee realistic, showing people in standard
contexts. Directed actors were minimized; mosteangeneral population. The videos include
buildings and parking lots where people and vebielee engaged in different activities. The
data is challenging in terms of low resolution, amicolled background clutter, diversity in
scenes, rapidly changing viewpoints, changing ilhation, and low pedestrian image sharpness

[7]. Figure 4.4 shows examples of frames and sszpsefrom the aerial VIRAT dataset.

T.’ b L = L ‘,
(@) (b)

(c)
Figure 4.4: (a) and (b) Two example frames fromiaheVIRAT. (c) Different
example sequences created from registered fr

This dataset also contained sequences with sorgdoveresolution pedestrians, in which
pedestrians are of less than 20 pixels in heighgure 4.5 shows some very low-resolution
images from the aerial VIRAT dataset, and some @kaisequences. Although our algorithm is
designed to detect pedestrians of height 20 pixelsiore, we also evaluated the algorithm on
some of this data as well, to understand how thépeance degrades as the resolution is

lowered.
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Figure 4.5: (a) and (b) Two example frames fromah&IRAT. (c) Two very low-
resolution positive example sequences created fregmstered frames. (d) Tw
negative example sequences.

|®)

The UCF-2009 dataset is from the University of @anElorida. It is also known as the
UCF-Lockheed Martin Dataset (we call it UCF-2009 distinguish it from an earlier UCF
dataset of 2007). Video sequences were obtainad aa R/C-controlled blimp equipped with a
camera mounted on a gimbal in a dirt parking l@rribe football stadium in Florida. The flying
altitudes ranged from 400-450 feet. Actions wesdqumed by different actors. The UCF-2009
dataset has a resolution of 5880 pixels with a 23Hz frame rate. Figure 4.6 shdwo
example frames and four example sequences.

The UCF-2007 dataset is an earlier dataset from,d@& is more challenging (compared to
the UCF-2009 dataset) due to large variations mera motion, rapidly changing viewpoints,
changes in object appearance, pose, object schitered background, and illumination
conditions. In this dataset, people walk in déf@rdirections in a park and get close to trees and
bushes. Figure 4.7 shows two example frames amé sgample sequences.

The UCF-2007 data suffers from interlacing, mototur, and poor focus. Interlaced video is

a technology that was developed in the early déyslevision. The interlaced signal contains
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two fields of a video frame captured at two diffgrémes, which exhibits motion artifacts called
interlacing effects. The effect becomes more alwiparticularly in areas with objects in motion
(Figure 4.8 (top), page 54).

(@) (b)

(©)

| |

(d)
Figure 4.6: (a) and (b) Two example frames fromahetCF-2009. (c) Positive example
sequences (pedestrians) created from registene$rad) Negative example sequences.

(a) (b)

e G dedad UL L Lol

Figure 4.7: (a) and (b) Two example frames fromahdyCF-2007 dataset. (c) and (d)
Positive examples sequences created from regishenees.

53



To rectify the interlace artifacts we remove evetlger row and column, therefore halving the
frame resolution (Figure 4.8 (bottom)). The UCPR2Qataset has a resolution of 8880

pixels with a 30 Hz frame rate, and after deintarig the resolution becomes 42240 pixels.

Figure 4.8: (Top) Example frame from UCF-2007 detadth interlacing artifacts. (b) Th
same frame of parBottorr) after deinterlacin

11

4.2.3 Image Sharpness Estimation

We noticed that the datasets differ in image qualithn some datasets, such as aerial
VIRAT, the images are not as sharp. This is ingrrbecause our algorithm is based on image
gradients. Large gradients occur at sharp disconigs in the image, which occur at boundaries
of objects and therefore represent information baps. If images are blurred, the image
gradient decreases in magnitude and the orienthBoomes less reliable.

We can quantify the sharpness of the images. Mégyrithms have been proposed to
estimate image sharpness or blurriness. Most rdsthee edge-appearance models [75] since
edge-appearance is the most affected componemdyei blurriness. Some of these algorithms
compute the average gradient magnitude in the imdgemaret al. [76] proposed to use the

average absolute value of the discrete secondadimev



The method we used to estimate sharpness was t@utenthe average gradient
magnitude in targeted sub-images. Since the salges of interest to our application are the
ones containing pedestrians, we measured sharpmeg®se. Figure 4.9 (a) shows some
examples from aerial VIRAT and UCF-2009. Figur® {#b) shows a sharpness comparison
between a sample of 100 slices from those two dtasThe results confirm that the VIRAT
dataset is not as sharp as the UCF-2009 dataset bgpothesize the detector performance will

be lower.

Slice Sharpness Estimation

45

1 10 19 28 37 46 55 B4 73 82 91 100
Slice Number

(b)

Figure 4.9: (a) Examples from VIRAT aerial datagktp raw), and UCF 2009 dataset
(bottom). (b) Sharpness estimation for a samplE00f slices from VIRAT and 100 slices from
UCF datasets (sorted by sharpness value).
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4.3 Detector Performance Overall Results

The detector was applied to the test videos offitree datasets described above. The
results in this section use the following defawatgmeters: Blocks are of size of 2x2 cells, with
no overlap, and each cell consists of 4x4 pixéBradients are computed using the [-1, 0, 1]
filter. We use 9 bins for gradient orientationsg amormalize volumetric blocks using the clipped
L2-norm as described in Section 3.4.2. The sizenafe slices is 32x32 pixels and the volume
consists of 16 slices. A soft linear SVM is useithva cost parameteZ (with a value of 0.01
determined through cross-validation) that conttbks trade-off between slack variable penalty
and the margin. In Section 4.4, we present anyaisalof the effect of changing these

parameters.
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To show the main concept, Figure 4.10 presentxample of the results of applying the
algorithm to one of the aerial datasets. As dbedrin Chapter 3, the process involves video
stabilization (except for stationary camera videdsjermining the temporary background frame,
computing the difference image, defining initialrdground, applying some morphological
operations, defining final ROIs, and applying pedas detector around these ROIs to search for
pedestrians.

The moving object detector that detects ROIs ingensequences gives a good detection
rate in detecting potential moving objects. Foaraple, in 520 sequences of frames from PETS
2001 dataset (each sequence contains 16 frame®&2dnsbquences from Aerial VIRAT dataset
(each sequence contains 16 frames), the movingtobgtection rate was more than 95%. In
these sequences, most of the ROIs containing pedestre detected. For example, in Aerial
VIRAT, in 1607 ROIs only 49 are not detected, am®ETS 2001, in 1929 ROIs only 88 are not
detected.

4.3.1 Stationary Datasets

For the PETS 2001 dataset, we extracted 2,560nirigpiexamples from the training
videos. 960 of them were positive examples and M@€re negative examples. After training,
the detector was applied to ROIs in the test videdbe total number of tested examples was
1,235 positive examples (16 slices each) and 8r&fative examples (16 slices each). The
subjects in the examples are always upright walkimith a wide range of variations in pose,
appearance, clothing, illumination and backgrouRddestrians are walking in various directions
at different distances from the camera, and exasripdee a variety of blurriness.

Using the detector with the default parametersetedlion rate of 94.7% was achieved
with a false positive rateFPR) of 10°. This means that 94.7% of the actual pedestrizre
detected correctly as pedestrians, and for evél§0]000 non-pedestrian volumes tested, only
one example would be classified as a pedestrian.

At the samd=PR the Dalal algorithm [2], which uses single imggsshieved a detection
rate of 73%. On the same dataset, the Jones awl &gorithm [33] achieved a detection rate
ranges from 84% to 93%, and when they combine &cttats (each one was trained separately)
they achieve a detection rate of 93%. Figure 4taf) shows the ROC curves of the three

detectors. To generate these curves, we variedeteetion threshold of the detector.
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(g) Detected motion regions. (h) Detected R®Ilse), and pedestrians (red).

Figure 10: Results of the steps of applying theppsed approach on a sequence of
images from UCF 2009 dataset.

For the stationary VIRAT dataset, the training sensisted of 1760 examples: 780 of
them were positive examples and 980 were negatiamples. The trained detector was applied
to video sequences different from the training satter training, the detector was scanned on
detected ROIs in sequences of images containingyessand negatives. The total number of
tested examples was 720 positive examples (16sskaeh) and 3860 negative examples (16

slices each).
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Figure 4.11: (Top) ROC curves of the three detsctmm PETS 2001 dataset.
(Bottom ROC curvss of the two detectors on Stationary VIRAT dat.

Using the detector with the default parametersawalgeved a detection rate of 91% with a
false positive rate of 10 This means that 91% of actual pedestrians wetected correctly as
pedestrians, and 1 in 1,000,000 tested non-pedestolumes were incorrectly classified as
pedestrian. At the santeéPR rate, the static detector of Dalal and Trigs [@hiaved aDR of

70%, on the same dataset.

4.3.2 Aerial Datasets

For the aerial VIRAT dataset, the training set ¢stegl of 1,280 positive examples (16
slices each) and 1,280 negative examples (16 séiaeh). After training, the detector was

scanned on detected ROIs on test set sequencg8003fames were used as a test set. A total
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of 12,600 volumes were classified during the saagmiver the detected ROIs, of which 5,016
were positive examples and 7,584 were negativengube detector with the default parameters,
it achieved &DR of 78% atFPR of 4x10°. This value of FPR means that only 4 in 1000etst
non-pedestrian volumes were classified as pedestriat the sam&PR the single-frame Dalal
detector achieved a detection rate of 39%.

We also applied the detector to portions of thigskat where pedestrians are less than 20
pixels in height. In this experiment, the trainsef consisted of 160 positive examples (16 slices
each) and 320 negative examples (16 slices eaftgr training, the detector is scanned within
each detected ROI in test set sequences. A tbtdb6@ volumes were classified during the
scanning over the detected ROIs, of which 160 wewative examples and 300 were negative.
Using our dynamic detector on this dataset achien®@® of 55% atFPR of 4x10°.

For the UCF-2009 dataset, the training set coristel,000 positive volumes (16 slices
each) and 1,000 negative volumes (16 slices eaEhjing testing, the trained detector was
scanned within each detected ROI in test set seggerMore than 24,000 frames were used as a
test set. A total of 5,880 volumes were classjfizd84 of them were positives, and 3,696 were
negatives. Using the detector with parametersatdioiethe best performance on this dataB&,
is 92% afFPR of 4x10°. At the sam&PRthe Dalal detector achievedi4r of 50%.

For the UCF-2007 dataset, the training set corgiefe250 positive volumes and 250
negative volumes. During testing, a total of 5@umes were classified; half of them positives
and half of them were negatives. Using the detesith the default parameterBR is 73% at
FPRof 4<10°. At the sam&PRthe Dalal detector achieveddR of 41%.

Figures 4.12 (a), (b), and (c) show the ROC cufeesur multi-frame HOG detector and
the single frame Dalal detector on these two dé&gaséhe new detector outperforms the single-

frame Dalal detector at dlPRrates.

4.3.3 Summary and Discussion

Using the default algorithm parameters, our new tirfdme HOG based detector
consistently outperforms the Dalal single-frameed&dr. It also outperforms the Jones and
Snow multi-frame detector on the PETS 2001 datésetdid not have an implementation of

their code, and so could not compare their resutdhe other datasets).
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Table 4.2 shows detection rates for the Dalal #@lgor and the new multi-frame HOG-
based algorithm.DRs are evaluated at a const&fR of 1x10° (for the first two) and 4x10
(for the last three).

ROC: Multi Frame HOG Detector vs. Dalal Detector ROC: Multi Frame HOG Detector vs. Dalal Detector
VIRAT Datset UCF Dataset
12 1.2
1 SR o T e
5 06 —— MultiFrameHoG  |— || & 06 % —— Wulti Frame HOG ||
E Detector E r Detector
g 0.4 ) —a=— Dalal Detector g 04 —=— Dalal Detector —
02 02
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Figure 4.12: ROC curve for Multi-Frame HOG deteaad the Dalal detector on (a) Aerigl
VIRAT dataset and (b) Aerial UCF-2009 datasetAgejial UCF-2007 dataset.

Table 4. DRsfor the Dalal detector and the new detector

Dataset Dalal AlgorithnDR | Multi-frame HOG base®R
PETS 2001 73% 94.7%
Stationary VIRAT 70% 91%

Aerial VIRAT 39% 78%
UCF 2009 50% 92%
UCF 2007 41% 73%
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Figure 4.13 shows the ROC curves for the multi #adHOG detector on all five datasets.
Several observations can be made from these curviest, the detector gives better detection
rates and lower false positive rates when it idiaggo stationary videos than when it is applied
to aerial videos. One reason is that the aerid¢os tend to be more noisy and blurry than
stationary videos since they are taken from highkitudes. The effective resolution of
pedestrians in aerial videos is lower than thastafionary videos. Another reason is that in
aerial videos, the videos need to be stabilized,tha stabilization is not perfect. The diversity
in scenes in aerial scenarios requires the detedtorlearn a greater variety of cluttered

backgrounds.
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Figure 4.13: ROC curves for the Multi-Frame HOG é¢tr on different datasets.

For the aerial datasets; aerial VIRAT has deteatadas consistently lower than those of
the UCF-2009 dataset. As shown in Section 4.B8jrhages in aerial VIRAT are not as sharp
as in UCF-2009. Also, the background clutter aivérdity in scenes in aerial VIRAT makes it
more challenging for the detector to be trained tie case of UCF-2009.

4.4 Effect of Number of Slices on Performance

One of the key contributions of this work is thes us multiple frames to compensate for
the lack of information in low-resolution scenariod/e tested the effect of the number of slices
N on the performance of the detector. For valuebl ednging from 1 to 32, we trained the

classifier on volumes witiN slices, and then tested the trained classifiev@omes with the
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same number of slices. The curves of Figure 4hbdvaletection rates (for constdfPR) asN

is varied for stationary and aerial datasets.
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Figure 4.14: The effect of the number of slices pelume onDR. (Top)
stationan dataets. (Bottom) Aerial dataset

The curves (Figures 4.14) show that improvementeames with the number of slices
until a total of 16 slices is reached. After thedding more slices does not imprd@Bs. One
possible reason is that there is enough motiorbifrdmes for the classifier to tell whether the
tested example is a pedestrian or not. Note tleatase where the number of slices is equal to
one represents the standard single-frame HOG-h@edektrian detector method (Dalal detector
[2]), and it always gives the lowest detection sate

In the aerial VIRAT dataset, the use of a singterfe {.e., one slice per volume classifier)
gives aDR of 40% atFPR of 4x10°. At the saméPR, the use of 16 slices per volume raises
theDRto 78%. For the UCF-2009 dataset, the use afiglesirame gives ®R of about 50% at
FPR of 4x103, and as the number of frames used reaches 165rdh&DR goes up to 92% at
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the samd-PR ROC curves are shown in Figure 4.15, for classifusing different numbers of

slices.
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Figure 4.15: ROC of the classifiers with differentimber of slices/volume: (Top) Aerial
VIRAT Dataset. (Bottom): Aerial UCF-2009 Dataset.

4.5 Detection Examplesand Discussion

Figures 4.16-4.19 show example frames from theerdifft datasets used in this work.
Detection results are shown as boxes, whié&rés “true positive”,FP is “false positive”, TN is

“true negative”, andrN is “false negative”.
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Figure 4.16 (a) and (b) shows two frames from thah VIRAT dataset. Examples of
detection results are shown as boxes (we are motis all theTNs in these figures). Figure
4.16 (c) shows the sequence of slices for one efTthdetections. Figure 4.16 (d) shows an
example of a sequence of slices fid¥ detections. TNs result from scanning the classifier
around false ROlIs that correspond to motion regresslting from non-pedestrian motioag,
vehicles) or from static objects due to non-perfs@bilization. In this example, the ROI
corresponds to a static object (building edgeshcesthe motion pattern for this object does not
match that of a pedestrian, the classifier labietsds a non-pedestrian.

o (a) )
vy EEEEREEERE
G EEEEEEEE

Figure 4.16: (a,b) Two frames from VIRAT datasethamdetections. (c) Slices for one TP in
(@). (d) Slices for the TN shown in (b).

Figure 4.17 (a) and (b) shows two frames from tHeFL2009 dataset. Examples of
sequences of slices foiN detections are shown in Figure 4.17 (c) and {[d)e TNsshown here
resulted from scanning the classifier around f&l€Hs corresponding to non-pedestrian motion;
(e.g, a car and a bicycle). The motion patterns hereal match that of pedestrians. Therefore,
the classifier labels them as non-pedestrians.

Figure 4.18 shows frames from UCF-2007 dataset #letkctions, and Figure 4.19 shows
examples from the stationary VIRAT dataset and PEQWEL dataset with detections.
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Figure 4.17: Detections on two frames from UCF-20GRaset. (aj-P andTPs (b) TNs
(c) and (d) Sequences foNsshown in (b).

(a) (b
Figure 4.18: (a) and (b) Two frames from UCF-208%adet with example detections.

Figure 4.19: Example detections, (a) PETS2001 datés) Stationary VIRAT dataset.
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We now examine in detail the behavior of the cfemson two examples from the aerial
VIRAT dataset. Example 1 is a case where a pedestvas detected as true positive, and
Example 2 is a case where a pedestrian was arfetssive i(e., the classifier failed to detect the
pedestrian). In Figures 4.20 and 4.21, the sheeshown on a larger scale.

As discussed in Chapter 3, during the training ph#ise learning process produces the

optimal decision function

f(x) = (W' x+b)

that classifies unseen data correctly. The clasgion (pedestriam> +1 and non-pedestrial

-1) is obtained as

+1 f(x)>0

: i T
S f(0)<0’ i.e. y—3|gr(w x+b)

y:sigr(f(x»:{

In this section, examples of classifying pedestriarsing different classifiers are
discussed. Each classifier is trained and testedeguences containing a different number of
slices. The examples describe the effect of addioge slices on the output of the decision

function f.

Example 1: True Positive

Figure 4.18 shows the first example, and Tablesh@vs the computed decision values,
which is the output of the decision function wheis ifed with the feature vector of this example.
Each value in th®V column represents the decision value computedyusialassifier trained
and tested on sequences containing a different auoflslices. For example, the decision value
produced by the classifier that is trained ancetésin single slice examples is -0.42756.

As shown in théDV column, the positivity of the decision value inmses as more slices
per volume are used to represent the example. Dhheaches its peak value when the number
of slices used is between 16 and 24 slices pemwluObviously, the pedestrian in the example
is hard to recognize, but over a longer sequemeechassifier becomes able to analyze motion

patterns that were learned during the trainingestag
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Table 4.3: Decision values vs. number of slicesvoéume of the example of Figure 1

Number of Number of Number of
Slices/Volume DV Slices/Volume DV | Slices/Volume DV

-0.42756 -0.175 13 0.3136
-0.50974 -0.0609 14 0.3485
-0.4413 0.011 15 0.4078
-0.44541 0.1095 16 0.475923
-0.4178 0.164 24 0.491471
-0.2274 0.2413 32 0.413252

Figure 4.20 (a): Sequence of slices of Examplénlthis sequence: slice # 1 is shoy

at top left, and slice # 32 is shown at bottomtrigh

Decision Value

Decision Value

35

Number of Slices per Volume

Figure 4.20 (b): The curve of computed DV of Exaenpl




Example 2: False Negative

In this example (Figure 4.21), the detection wassel by all classifiers (each classifier
was trained using different numbers of slices). niléactors could contribute to making this
example a difficult example. In addition to theufiness of the slices, the amount of motion
appears not to be enough, so the example mighhaloide the key frames of the walking step.
Also, in slice 13, the pedestrian's shadow startsetcast on an object in the background, which
makes the background object appear to have motionslices 16-24, the pedestrian starts

changing the direction of walking, and in slices-28, the pedestrian's torso is occluded by an

object.
Table 4.4: Decision Values of Example 4
Number of Number of Number of
Slices/Volume| DV Slices/Volumeg| DV Slices/Volume DV
1 -1.34077 7 -0.6566 13 -0.4788
2 -0.94728 8 -0.6127 14 -0.4823
3 -0.8411 9 -0.5939 15 -0.4273
4 -0.7721 10 -0.5574 16 -0.480111
5 -0.8167 11 -0.510¢ 24 -0.76351
6 -0.7892 12 -0.5045 32 -0.81881

Even though the pedestrian is misclassified witlthbgingle and multiple slices, the
highest negativity occurs in the single slice q@&ble 4.4). The lowest negativity occurs when
the number of used slices is in the range of 13-llte cases of 24 and 32 slices hB\é&s with
high negativity; this is probably due to the fdwttthe person changed his walking direction and
started walking directly toward the camera, so ni@ion was not consistent over the entire
sequence. Figure 4.21 (b) shows the plot of datigalue with respect to the number of slices

per volume.

4.6 Analyssof the Effect of Various Parameters

This section gives details about the effect of aasi parameter choices on detector
performance. In the performance evaluation, netdescribed in Section 4.1 are used.
Throughout this section, results are compared ¢éobthiseline detector that has the properties
described in Section 4.3, except when specifiedrotise.
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Figure 4.21 (a): Sequence of slices of Example 2.
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Figure 4.21 (b): The curve of computed DV of Exaenpl
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4.6.1 Detector Window Size

In early experimental work conducted as a prootaficept and to study the effect of
different parameters on performance, training astirig data were created from a real webcam
surveillance camera that is publicly available twe internet [77]. A total of seven video
sequences were recorded at different days and tmntleglifferent light conditions. As training
data, 400 volumes were created; half were poséramples and half were negative examples.
For testing, 800 frames were used. Figure 4.28%sho sample image shot from the webcam

surveillance video, and some example sequences.
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Eger Dobé tér Webcam

Webcam located at Eger, Hungary. It displays the Doto tér.

e . - e
crrrrrre FERRRERESES
IIIIEIII L B TS ¥ KRN

Figure 4.22: (a) Sample image shot from a survesBavideo taken by a webcam camera
(WebcamMania) mounted on a building in Eger, Hupgén) Two sequences of negatiye
examples (truck and cyclist). (c) Two sequencgsosftive examples (pedestrians).

In this experiment, the effect of including a marground the pedestrian in the detection
window was studied. The results showed the impogaof keeping a moderate margin region
around pedestrians. The work began with a slic#8ef8 pixels, which kept a margin of about
14 pixels around the pedestrians (pedestrian hésgb® pixels). Then margin was reduced to
only 6 pixels around the pedestrians with a slize ©f 3232 pixels (and still the same
pedestrian height). This improved performance %y 4The reason could be that the classifier
might have started learning the background as gfaat pedestrian slice when a wider margin
around pedestrians was used. Also, narrowing thggim around pedestrians causes loss of
performance since this does not allow enough areand the pedestrian’s outer edge to be
learned by the classifier. Figure 4.23 shows exarsices of two different sizes.

4.6.2 Normalization

As discussed in Section 3.4.4, the influence addagradient magnitudes can be reduced
using the clipped 4norm. Following the methods of [59], normalizeshture vectors were
applied. The difference is that the features wewemalized within each volumetric block,

meaning that the sequence of blocks acrosdNtkkces is at the same place in each slice. The
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volumetric blocks were normalized using-horm followed by clipping to limit the maximum
values. Next, the features from all the blockallrslices were concatenated into a single feature

vector.

32 p|><
> 48 plxlé

20 pix 20 pl).y
14 pix 6 pix

(€)

(d)

Figure 4.23: (a) 4848 pixels slice. (b) 3232 pixels slice. (c) Sequence of slices of size
48x48 pixels each. (d) Sequence of slices of size83%ixels each.

The conducted experiments confirm that normaliratimproves accuracy over non-
normalization and makes the features more invat@ohanges in illumination and shadowing.
Normalization of the volumetric blocks improved thecuracy detection by a rate of 4% over
non-normalization €.g, from 74% to 78% for the aerial VIRAT databasd)he experiments
show that normalization becomes more critical witie aerial datasets where the changes in

illumination and shadowing become more rapid.

4.6.3 Block Overlapping

Figure 4.24 shows the idea of block overlapping. alblock overlapping scheme, each
non-border cell becomes part of more than one bldéach non-border contributes more than
one time in the final feature vector with differamrmalization. Overlapping allows encoding
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the same information multiple times in different yga Block overlapping may increase
performance but at the same time increases thetthe feature vector.

Detector performance was evaluated with block eyming and non-overlapping. The
use of overlapping blocks in the descriptor impsperformance by around 2%. Overlapping
the blocks allows a feature to contribute to theigien more than one time, whereas if there are
no overlapping blocks, a cell is coded only oncehi@ final descriptor. The disadvantage of
overlapping the blocks is that if blocks are ovepled by (for example) half of the block size, the
feature vector dimension is almost doubled.

Figure 4.24: Block overlapping: Sequence of 16eslidashed areas are two blocks. Each
non-border cell contributes more than one timea bsdomes part of more than one block.

4.6.4 TheEffect of Cell Size

Figure 4.25 plot®R with respect to cell size, for the UCF-2009 datase this dataset, as
well as all the others, we find that a4dpixel cell is the optimal cell size and perforbest with
a block size of 22 cells.

Figure 4.26 (b) shows an example pedestrian h@fyB0 pixels. The size of a person’s
head, forearm, upper leg (thigh), and lower legn(stmd foot) appear to be approximatek44
pixels, which may allow cells of<4 pixels to capture the shape and motion of thasts.p

Figure 4.26 (c) and (d) gives some insight into imwges the detector uses to make its
discrimination decision. Here the coefficientdtué trained SVM classifier are used as a way of

measuring how much weight each cell has in thd fitessification decision. Figure 4.26 (c)
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shows the weights corresponding to each elemetiteofeature vector; that is, the value of the
elements ofv's in the classifier decision function equatidifx) =w'x+b. In each cell, there
are X3 weights corresponding to the 9 gradient direstiorThe weights are shown for the
central slice in the volume and the brighter pixedpresent the higher weights. The figure
suggests that the contours of a pedestrian’s heddlzoulders for the upper body part and lower
legs and the region where the feet touch the grtwanwe the highest weights, which represent the

main cues for detection.
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Figure 4.25: Effect of cell size on detection rate
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Figure 4.26: (a) 3232 pixels slice in its actual size. (b) Same séinarged 5 times. Cell
of size 4«4 pixels appear to match key parts of the pedetriaody. (c) Central part o
SVM positive weights. Each pixel shows one SVM Jig(w's in DF

equationf(x) =w' [k +b). The brighter pixels represent higher weightd. $dme as in
part (c) but for negative weights.

=
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4.6.5 Dimensionality Reduction

In section 3.4.3 we discussed the use of PCA toaedeature vector dimensionality. The
eigenvalues indicated that about half of the ppacticomponents can capture most of the
essential information. In particular, using the ©0% of the principal components yields a
cumulative contribution of 88% to the variance tba stationary VIRAT dataset.

Here, we present experimental results on the effieasing different numbers of principal
components on pedestrian detection rate. Fig@® ghows 6 ROC curves of 6 classifiers each
trained with different number of principal compoteien the stationary VIRAT dataset. The
classifier using half the principal components (gek curve) gives a detection rate about the
same as using all of the principal components, (using cumulative contribution of 100%, the

dark blue curve). As a result, we can reduce tmaber of features to half and keep a good

performance.
1
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_.——'—'_'_.-‘-'--_'_ T~ .
0.8 ——" Cumulative
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6% ——100%
" // —=—38%
ﬁ o,
04 78%
66%
——47%
%
0

Detection Rate

——17%

[]_I[]5 0.1
False Positive Rate
Figure 4.27: ROC of 6 different classifiers traingith different number of principlg
comgonent:

4.7 Frame Randomization

To confirm our hypothesis that the classifier lesathe characteristic motion of walking
pedestrians, we randomized the order of framese &tpectation is that giving the classifier
temporally incoherent data should reduce the pexdoce.

We followed the same procedure as before to extRagts and form spatiotemporal

volumes. However, this time we randomized theeslio both the training and testing volumes.
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Figure 4.28 shows detection rates obtained frontiphaltests on the two datasets. The results
show that the use of randomized frame sequencesadkxtdetection rates by an average of 8%
in the VIRAT dataset experiments and by an averafjel2% in the UCF-2009 dataset
experiments at FPR of 4x%0 For example, for the UCF dataset, when the semsewere used

in their normal coherent order, we obtained a detecate of 92%. In one of the tests in which
randomized sequences were used, at the same FPRetdrtion rate degraded to 80%. These
experiments indicate that the classifier is ind&satning the characteristic motion of walking

pedestrians, and that temporal sequencing of frasriegportant for pedestrian detection.
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Figure 4.28: The effect of randomizing the ordeifraines on classification performange.
All DRsare measured at FPR of 10°.
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Chapter 5. Conclusonsand Future Work

This chapter summarizes the thesis findings andestg directions for further research.
Section 5.1 provides an overall summary, whicheitgited further in Section 5.2 along with key
contributions. Section 5.3 discusses limitaticars] Section 5.4 presents some of the possible

improvements, extensions, and directions that eaexiplored in a future work.

51 Summary

This thesis has addressed the problem of detepgagstrians in low-resolution videos
taken by stationary and aerial cameras. The tgggoal of detecting pedestrians as small as 20
pixels in height was achieved and confirmed ustagdard datasets. The key novel idea was to
take the single-frame HOG-based detector and extandnultiple frames. Namely, we extract
HOG features from a sequence of subimages centdreéde point in the image where the
detector is being applied. Volumes of featuresramanalized and then a trained classifier is
used to classify the volumetric sequence as a pete®r non-pedestrian. We compensate for
the loss of information due to low resolution byngsa sequence of images for detection.

We restrict the application of the detector to oe@gi surrounding potential moving objects.
These regions of interest (ROIs) are found usingkdpaund subtraction, followed by
morphological operations to eliminate small regjaarsd then connected component labeling. In
the case of moving cameras, we first register fsamoea local reference frame by matching
interest points and then transforming the imagesyus homography transform.

Good detection accuracy was obtained on severatatd datasets that contained low
resolution pedestrians (PETS 2001, Stationary VIRAICF-2009, UCF-2007, and aerial
VIRAT). Our detector achieved an improvement of@0r more over the Dalal algorithm,
which is a standard pedestrian detection algoriisimg single frames [2]. We also obtained a
better detection rate than the Jones and Snowitllgo[33], which was the best published
detector on low resolution images that we could.fin

We analyzed the effect of several key algorithmapeters. One of the most important
parameters is the number of slices used by theteteWe found that using multiple images for
detection dramatically improves the results. Tin@rovement in detection rate increases with

the number of slices until a total of 16 slicesreached, which corresponds to about half a
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second of walking. Beyond 16 slices, performamsels off. The use of multiple frames has
more influence on improving detection rates in@esdeos than in stationary videos.

The effect of other parameters on the system peegoce was also studied. We found
that:

1. A smaller cell size outperforms the use of a largk size. In low-resolution images, a
small cell size is better able to capture the shap® motion of pedestrian’s body parts
(e.g, person’s head, forearm, upper leg, and lower |&g¢ found that 44 pixel cells were

optimal.

2. Normalization improves accuracy and makes featunese invariant to changes in
illumination and shadowing. The experiments shtwat thormalization becomes more

critical with aerial datasets where illuminatiordashadows change rapidly.

3. Detector performance was also evaluated with diffeblock overlapping schemes. The
experiments show that the use of overlapping blooksthe descriptor improves
performance slightly. However, the block overdhalf of the block size almost doubles

the feature vector dimension.

4. The experimental work also shows that the use ofimear kernel (a radial basis function
kernel) gives slightly more accurate results thama linear kernel. In our baseline

detector we used linear kernel for simplicity apeed.

5.2 Contributions

The main contribution of this thesis is the devaiept of a new pedestrian detector that is
able to detect pedestrians in surveillance vidédsveer resolutions than has been reported in
previous work. The detector is novel in that iegies on a short sequence of frames. Although
some previous algorithms have used image sequeageslgorithm is unique in that it uses
longer image sequences than that used in previous w

Even though we use longer image sequences tharmopsework, the sequences are still
only about 0.5 to 1.0 seconds long. Our algoritbra detector, not a tracker. A tracker would
use measurements over much longer sequences, serdlds multiple detections into a single
track file. The new pedestrian detection systegnicantly outperforms several existing state-

of-the-art pedestrian detection systems (as ddtal€hapter 4).
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We conjectured that the motion of a person walkedistinctive, and that the classifier
learns to recognize the temporal sequence of featectors within the volume. We confirmed
this in experiments where we trained and testectssifier on randomized sequences. In these
experiments the algorithm, training procedures, tasting procedures were identical, except that
we randomized the order of slices within volumase results showed that giving the classifier
temporally incoherent data significantly degradedgmance.

Another contribution is that our detector is apglile to low resolution aerial videos.
Because the detector needs only a short sequeriaaTads to perform detection, it is applicable
to situations where the camera is moving rapidi¢ does not dwell on the same portion of the
scene for very long. Ours is one of the first mi#d methods to show results on several

challenging low resolution aerial datasets.

5.3 Limitations

Although the proposed approach gives good resuits @utperforms state-of-the-art
approaches, especially over traditional single-Babased algorithms, there are still some

limitations.

1. The algorithm detects only upright walking pedests. Subjects have to be walking,
not stationary or running. One approach to detgatiifferent motion speeds would be to
train a classifier with multiple label®.Q. classifier of [78]); such as slow walking, fast

walking, stationary, and running people.
2. The algorithm cannot detect pedestrians that atefpa occluded.

3. In the datasets used in this work, videos wereutagdtat an oblique angle. The view
angle needs to be known, so that we train on imagapproximately the same angle as the
test images. We did not test other views such stsagght down view, but a straight down
view would probably not work. In a straight dowiew the characteristic walking motion

of the pedestrian’s body may not be visible.

4. The algorithm gives a good discrimination for pedass of 20 pixels height or more
(the targeted goal), but lowering the resolutiongoy low-resolution situations (Figure 5.1)

degrades the algorithm's performance. In additomlurriness and an extreme lack of

78



information, one other possible reason is that reg\tetector parameters need to be tuned
for this scenario. In general, a very low-resautiscenario is still challenging and
unexplored area in the field. Nevertheless, thgeréghm is still useful and gives results

better than the single fame method in these sanari

Figure 5.1: Very low-resolution examples of pedass
of height < 20 pixels.

5.4 FutureWork

Future work should examine the algorithm robustr@sanore challenging real world
videos. We have begun testing the algorithm oleas taken from a rapidly moving quadrotor
UAV [6], as shown in Figure 1.3. These videos hbweer quality than the standard datasets
that we tested, including greater lens distortiod enotion blur. Some preliminary results are
shown in Figure 5.2. The results of these exparimshow the robustness of our proposed

algorithm even on these challenging videos.

Figure 5.2: Example from the results of detectieggstrians in challenging UAV videos.
Detections are shown at different pyramid lev

)

Some of the possible improvements, extensionsdaedtions that can be explored in the

future include the following:

1. To improve detection performance, a multiclass S¥Mssifier can be used for
different walking directions. The idea of usindfelient detectors for different directions

could make the classifier more precise in makirggdiassification decision. For example,
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eight detectors (or more) could be trained withpactfic detector for each direction to
cover the full range of 360of directions: north, south, east, west, northesstitheast,
northwest, and southwest (Figure 5.3). In thiecés each detector, the positive examples
would only include pedestrians walking in a speciirection. The use of a muticlass
classifier could also improve the classificationpetiestrians with different speeds, ranging

from stationary pedestrians to fast-walking or iagrpedestrians.
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Figure 5.3: Eight detectors could be trained witkpacific detector for each
walking direction to cover the full range of 360directions.

2. To reduce the effect of changing illumination orckground texture of visual videos,
thermal (IR) videos could be used. Figure 5.4 shaw example of visual versus thermal
image shots of the same scene [79]. Thermal vidésus allow detection to take place at

night.

. 4
Figure 5.4: shows an example of visual versus themimage (OSU
Color-Thermal Database

3. The detector could be incorporated into any stahdeacking algorithm if a longer
sequence of images of the same scene is availdlble.improved accuracy of the detector
should make it possible to estimate more reliatalekis using a shorter sequence of images.

The plan for future work is to integrate the deteahto a standard tracker. Even in aerial
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video from rapidly moving cameras, a person isrofte the field of view for multiple
seconds. Therefore, multiple detections coulddseaated into a single track.

4. Although the algorithm does not require metaddt#, is available, it can be used to
improve the system performance. Metadata coultldeccamera altitude, angle, pitch,

zoom,etc.and can be used to constrain the expected sjzeapie.

5. For the scenarios where a wide range of pedesscates is expected, typically both
high and low resolution candidate windows are rggacthto a common size. One way to
use all the available information (without downséingpthe high resolution pedestrians) is
to train different models for different resolutiots improve the performance since the
detector will have access to the full informatiovaitable at each window size. This

technique has the disadvantage of increasing thguetational cost at both the detection
and training phases.

6. The prototype system was written in Matlab, whiglgood for a scientific environment
to perform analysis. However, it is not very fagten compared to C or C++. In principle,
the proposed approach should be able to run ir ¢tmseal time since the operations it uses

are similar to other real-time systems based on Hik&Xeatures and SVM classifiers.
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