IMPROVED MULTISPECTRAL SKIN DETECTION AND ITS
APPLICATION TO SEARCH SPACE REDUCTION FOR
DIsSMOUNT DETECTION BASED ON
HISTOGRAMS OF ORIENTED GRADIENTS

THESIS

Adam Lee Brooks, Captain, USAF
AFIT/GE/ENG/10-05

DEPARTMENT OF THE AIR FORCE
AIR UNIVERSITY

AIR FORCE INSTITUTE OF TECHNOLOGY

Wright-Patterson Air Force Base, Ohio

APPROVED FOR PUBLIC RELEASE; DISTRIBUTION UNLIMITED.



The views expressed in this thesis are those of the author and do not reflect the
official policy or position of the United States Air Force, Department of Defense, or
the United States Government.



AFIT/GE/ENG/10-05

IMPROVED MULTISPECTRAL SKIN DETECTION AND ITS
APPLICATION TO SEARCH SPACE REDUCTION FOR
DIisSMOUNT DETECTION BASED ON
HISTOGRAMS OF ORIENTED GRADIENTS

THESIS

Presented to the Faculty
Department of Electrical and Computer Engineering
Graduate School of Engineering and Management
Air Force Institute of Technology
Air University
Air Education and Training Command
In Partial Fulfillment of the Requirements for the

Degree of Master of Science in Electrical Engineering

Adam Lee Brooks, BS
Captain, USAF

March 2010

APPROVED FOR PUBLIC RELEASE; DISTRIBUTION UNLIMITED.



AFIT/GE/ENG/10-05

IMPROVED MULTISPECTRAL SKIN DETECTION AND ITS
APPLICATION TO SEARCH SPACE REDUCTION FOR
DI1SMOUNT DETECTION BASED ON
HI1STOGRAMS OF ORIENTED (GRADIENTS

Adam Lee Brooks, BS

Captain, USAF

Approved:

Syl - ?—514//

Maj Michael J. Mendenhall, PhD
(Chairman)

date

5~ Ao 26

Z~ LtCol (Ret) Juan R. Vasquez, PhD
(Member)

B

a Dr Gllbert L. Peterbon
(Member)

date

SMus 2010

date



AFIT/GE/ENG/10-05

Abstract

Due to the general shift from conventional warfare to terrorism and urban war-

oth Century, locating and tracking

fare by enemies of the United States in the late 2
individuals of interest have become critically important. Dismount detection and
tracking are vital to provide security and intelligence in both combat and homeland
defense scenarios including base defense, combat search and rescue (CSAR), and bor-

der patrol.

This thesis focuses on exploiting recent advances in skin detection research to
reliably detect dismounts in a scene. To this end, a signal-plus-noise model is devel-
oped to map modeled skin spectra to the imaging response of an arbitrary sensor,
enabling an in-depth exploration of multispectral features as they are encountered in
the real world for improved skin detection. Knowledge of skin locations within an im-
age is exploited to cue a robust dismount detection algorithm, significantly improving

dismount detection performance and efficiency.

This research explores multiple spectral features and detection algorithms to
find the best features and algorithms for detecting skin in multispectral visible and
short wave infrared (SWIR) imagery. This study concludes that using SWIR imagery
for skin detection and color information for false alarm suppression results in 95%

probability of skin detection at a false alarm rate of only 0.4%.

Skin detections are utilized to cue a dismount detector based on histograms
of oriented gradients. This technique reduces the search space by nearly 3 orders of
magnitude compared to searching an entire image, while reducing the average number
of false positives per image by nearly 2 orders of magnitude at 95% probability of
dismount detection. The skin-detection-cued dismount detector developed in this
thesis has the potential to make significant contribution to the United States Air

Force human measurement and signature intelligence and CSAR missions.
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IMPROVED MULTISPECTRAL SKIN DETECTION AND ITS
APPLICATION TO SEARCH SPACE REDUCTION FOR
DISMOUNT DETECTION BASED ON

HISTOGRAMS OF ORIENTED GRADIENTS

I. Introduction

he United States Air Force (USAF) has made intelligence, surveillance, and
Treconnaissance (ISR) capabilities a high priority. The Air Force Doctrine Doc-
ument 1 (AFDD-1) states that “As a leader in the military application of air, space,
and intelligence, surveillance, and reconnaissance technology, the Air Force is com-
mitted to innovation to guide research, development, and fielding of unsurpassed
capabilities” [5].

Due to the general shift from conventional warfare to terrorism and urban war-

oth

fare by enemies of the United States in the late 2 Century, locating and tracking
individuals of interest has become of vital importance [5]. Several research efforts

address this growing need for human surveillance and tracking including

e The 2003 Defense Advanced Research Projects Agency (DARPA) Combat
Zones that See (CTS) program [4], [29] which has the goal of creating a dense
network of inexpensive cameras and sensors to monitor “everything that moves”
on a full-city scale and report all observations to a central operating center. The
research was meant to be applied to an urban combat zone to help protect sol-

diers on the ground by improving battlefield awareness.

e The United States Army funded the development of algorithms for unmanned
air vehicle (UAV) ISR systems for tracking targets in urban environments as
part of the Army’s 2007 Small Business Technology Transfer Program [70], [73].
Targets of interest included humans, civilian vehicles, and military targets that

may exhibit highly nonlinear motions.

1-1



Dismount detection is the critical first step to successful dismount tracking.
The overarching goal of this thesis effort is to leverage multispectral skin detection to

augment a state-of-the-art dismount detection methodology.

1.1 Problem Statement

Modern shape-based dismount detection techniques are often either computa-
tionally expensive due to the size of the search space or application-limited due to
constraints imposed by search space reduction techniques. Shape-based detectors also
tend to have a high confusion rate with human-like objects in a scene. Examples of
common false alarm sources for shape-based detectors include parking meters, signs,

small trees, fire hydrants, or anything with similar vertical structure [25].

The goal of this research is to provide a robust method of reducing the search
space for a modern shape-based dismount detector using multispectral skin detections
as cueing sources. Additionally, it is hypothesized that using skin detections for cueing
a shape-based dismount detector will significantly reduce false alarms attributed to
human-like objects. Since typical urban false alarm sources are unlikely to have
material properties similar to exposed skin, skin detection cueing will likely reject

many common false alarm sources from the search space.

1.2 Scope

The scope of this thesis effort must be limited in order to accomplish the research
goals mentioned above. To that end, the tasks accomplished by this effort are as

follows:

1. Develop a signal-plus-noise model to map modeled skin spectra to the imaging

response of an arbitrary sensor.

2. Compare the performance of multiple spectral features for suppressing false

alarms in skin detection using both modeled and real-world data.
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3. Compare the performance of multiple skin detection algorithms using both mod-

eled and real-world data.
4. Develop a method for using skin detections to cue a dismount detector.

5. Compare the performance of one existing sliding-window dismount detector with

a skin detection-cued version of the same detector using multispectral data.

The signal-plus-noise model is developed by adding sensor noise components
that are experimentally determined for a sensor of interest. Specular reflection com-
ponents are added until the modeled data are visually similar to skin data collected by

the imager. The signal-plus-noise model is presented in Section 2.7.7 and Section 4.3.

The normalized difference vegetation index (NDVI) and normalized difference
green-red index (NDGRI) skin spectral features (presented in Section 2.7.3) are com-
pared in terms of false alarm suppression performance for the skin detection algorithms
implemented in this thesis effort. Rules-based and likelihood ratio test (LRT)-based
skin detection algorithms are presented in Section 2.7.8 and Section 3.2.3 respec-
tively, while comparisons of skin detection performance between spectral features and

between algorithms are presented in Section 4.2.

Methods and considerations for using skin detections to cue a dismount detector
are discussed in Section 3.3. Only the dismount detector based on histograms of ori-
ented gradients (HOG) is tested for comparison. A recent effort in [25] compares the
performance of several state-of-the-art dismount detectors. The end result of the work
in [25] showed that the HOG-based sliding-window dismount detector outperformed
the other methods researched, making in-depth comparison of those detection tech-
niques unnecessary for the purposes of this effort. Performance comparison results

are presented in Section 4.5.

1.3 Document Organization

Chapter II of this document provides the necessary background information

for this thesis. This background information describes the basic tracking framework,
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dismount detection techniques, the properties of human skin, and the signal processing

and classification techniques used throughout this thesis effort.

Chapter III provides the methodology employed for this effort. Included in
this discussion are a skin detection algorithm based on a likelihood-ratio test (LRT)
and methodology for using skin detections to cue search windows for a HOG-based

dismount detection system.

Chapter IV provides experimental results and analyses of the results. Included
in this discussion are data set descriptions; designs of experiments; and performance

comparisons for skin detector features, skin detectors, and dismount detectors.

Chapter V provides conclusions drawn from the analyses of results mentioned
in Chapter IV. Specifically, Chapter V includes a summary of results, list of contri-

butions this research effort provides, and recommendations for future work.

Appendix A presents the basics of bilinear interpolation. Appendix B presents
the skin detection masks and skin-detection-cued HOG-based dismount detections for
each HyperSpecTIR version 3 (HST3) image used in this thesis effort. Appendix C is
an electronic appendix (“AppendixC.pdf” on the included disc) that lists the full set
of experimentally-derived expectation maximization (EM) -Gaussian mixture model

(GMM) parameters determined by this thesis effort for LRT-based skin detection.
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II. Background

his chapter provides an overview of how detection systems fit into a tracking
Tframework, how others have approached the problem of dismount detection,
and general background information on the hyperspectral properties of human skin.
Most importantly, this chapter provides the essential background needed for spatial
features, spectral features, image processing techniques, classifier architectures, and

detection algorithms that are implemented in this thesis effort.

The chapter begins with an overview of how detectors fit into a tracking ar-
chitecture. Next is an overview of passive sensors often used for tracking. Next is a
review of current state-of-the-art techniques used for detecting dismounts, followed by
in-depth descriptions of the spatial feature and detector that is implemented directly

from that research for the purposes of this thesis effort.

An overview of the sliding-window detection scheme and its search-space limita-
tions is provided, followed by common techniques for sliding-window-detector search-
space reduction and their limitations. Next, an overview of hyperspectral image
processing and the hyperspectral properties of human skin, which are exploited by

this thesis effort to aid sliding-window search-space reduction is provided.

The final portion of this chapter provides methodology for approximating the
functional form of a probability density function for incomplete data and applying
that approximation to the likelihood ratio test, a detector scheme that minimizes the

Bayes risk.

2.1 Notation and Terminology Conventions

Due to the large number of variables and parameters that are used in this thesis
effort, some common naming conventions are established for consistency and readabil-
ity. All letter assignments as variables in this section are strictly for demonstration

purposes only.
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2.1.1 Underline and Boldface Notation. Underline notation is used to dif-
ferentiate between scalars, vectors, two-dimensional matrices (henceforth matrices),

and three-dimensional matrices (henceforth cubes).

Lowercase variables that have no special typeface and no underline are consid-
ered scalars (e.g., s is a scalar). Variables that have a single underline are considered
vectors (e.g., v is a vector). Variables that have a double underline are considered
matrices (e.g., M is a matrix). Variables that have a triple underline are considered

cubes (e.g., C is a cube).

Boldface notation is used to indicate that a variable is a structure (e.g., S is a
structure). Structures are used when data do not fit into the scalar, vector, matrix,
or cube paradigm. Structures are often used to organize several disparate forms of
information that are associated with one another (e.g., a string with the file name,
an arbitrary number of image patches, and class labels associated with those image

patches).

2.1.2  Subscript Notation. Subscripts are typically used to indicate that a

variable is the subscripted element of a higher-dimensional set. For example, vectors

th clement of the vector v. Multiple levels

are transcended by multiple subscripts (e.g., m;; is the it element of vector m;,

are defined as a set of scalars, so v; is the i

which is the jth vector of matrix m).

The length of each subscripted dimension is defined at the time that the variable
is defined (e.g., x,,, m € Z[1, M] indicates that the subscript m can have any integer

value from 1 through M inclusive and that x is of length M).

2.1.8  Special Subscripting Cases. ~ Some subscripted variables do not imply
that they are an element of a larger set. Those cases are specifically defined at the
time of use. For example, subscripted decision spaces S; are used to define the class

1 that a sample will be labeled by a detector.
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Some subscripts are only meant to indicate global conventions that are used for
different purposes. For example, 7 is reserved to indicate thresholds. Thresholds for
different algorithms are subscripted based on the algorithm they apply to (e.g., ng is
a threshold on 2, n, is a threshold on A).

2.1.4 Inner Product Notation. The nner product or dot product of two

equal-length vectors (a and b) is notated as

N
(@, b) = anbn, (2.1)
n=1
where N is the length of a and b.
2.1.5 Variants of the Same Variable. Above-letter symbols are used to

differentiate between different versions of the same base variable. Hat notation is
used to indicate that a variable obtains its value from estimation or approximation of

the base variable’s true value (e.g., é is an estimate of the variable e).

Tilde notation is used to indicate that a variable obtains its value from a model

of the base variable (e.g., m is a modeled version of the variable m).

Prime notation is used to indicate that a variable may have undergone an op-
tional process, therefore the variable’s value may be that of the original base variable
or modified by the optional process (e.g., o' can either be the original value o or a

processed version of 0).

Dot notation is used to indicate that a variable is the derivative of the base

variable (e.g., d is the first derivative of d).

2.1.6  Detector Terminology. For the purposes of this thesis, a set of com-
mon detector terminology is defined for consistency. A window is defined as a two-

dimensional bounding box within an image. A search window or detector window is



defined as a window that is to be evaluated by a detector to determine the class of

the contents of that window.

An alarm is defined as a sample that a detector decides is in the class of interest
(the positive class). An alarm is synonymous with a detection from other common
detector terminology. An alarm window is defined as a search window whose contents
a detector decides are in the positive class. A rejection is a sample that the detector

decides is outside the class of interest, or in the negative class.

A hit is defined as an alarm that is truly in the positive class (i.e., a correct
positive decision). A false alarm is defined as an alarm that is truly in the negative
class (i.e., an incorrect positive decision). A correct rejection is defined as a rejection
that is truly in the negative class (i.e., a correct negative decision). A miss is defined

as a rejection that is truly in the positive class (i.e., an incorrect negative decision).

The space that contains all possible observations is defined as S. For a binary

detector, § is partitioned into two decision regions as

_ 1 if criteria for ¢ = 1 are met
Si L1 = N (22)
0/ —1 if criteria for i = 0/ — 1 are met
where S; is the decision region where the class label 7 is assigned to an evaluated
sample, S; U Sp)-1 = S and S; N Sy/—1 = @. Equation (2.2) is an example of a
decision rule. All detectors described in this thesis employ a decision rule in a format
similar to Eqn. (2.2). For all detectors in this thesis, S; is the decision region for the
positive class and Sy (or S_; depending on the algorithm) is the decision region for

the negative class.

2.2 Tracking Architecture

Figure 2.1 illustrates the basic structure of a hyperspectral or multispectral-
based tracking architecture [11], [69], [70]. First, raw imagery are passed from the

imaging system to a detector (a dismount detector for this thesis effort). The detector
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Figure 2.1:  Dismount tracking taxonomy.

finds objects of interest within the imagery and passes information about the location
and identity of objects of interest to the tracker portion of the architecture. From the
diagram in Fig. 2.1, it is clear that detector performance has a significant impact on

overall tracking performance since the tracker relies on data provided by the detector.

In a feature-aided tracker, spatial, spectral and other information about detected
targets is used to augment track association beyond the typical kinematics-only ap-
proach. Since the dismount detector described in this thesis requires multispectral
information and generates highly-descriptive spatial and spectral features, it is possi-
ble that those constituent data may be useful for feature-aided tracking. This thesis
effort does not focus on feature-aided tracking, however, since it is outside the scope

outlined in Section 1.2.

2.3 Passive Sensors Used for Tracking

Several types of passive sensors are used for tracking dismounts. Cameras sen-
sitive to the visible region of the electromagnetic spectrum are the most common
due to their low cost and high image quality. Both monochrome and red-green-blue
(RGB) visible cameras are frequently used. Generally, these cameras are advan-
tageous for generating spatial features for detecting specific target classes [18], [19],

[65], [66], [78], [80]. Additionally, RGB cameras (or cameras using similar three-
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channel color spaces [7], [28]) can be used to generate spectral features for skin de-

tection [12], [26], [32], [59], [74].

Infrared cameras are used less frequently than visible cameras, mainly due to
expense and comparatively poor image quality. Cameras sensitive to the mid-wave
infrared (MWIR) and long-wave infrared (LWIR) regions of the electromagnetic
spectrum (3000-5000nm and 8000-12000nm or 7000-14000nm respectively [44], [45])
are often utilized because they are sensitive to thermal emissions and can therefore
detect body heat. They can be very effective in certain environments at detecting
thermal signatures. However, advances in thermal-masking clothing could limit their
potential use in military applications. Additionally, these systems may be less effective
in recovery missions due to the reduced thermal signature of a corpse. Poor contrast

may also be an issue in climates near body temperature.

Cameras sensitive in the near-infrared (NIR) and short-wave infrared (SWIR)
regions of the spectrum (700-1000nm and 1000-3000nm respectively [44], [45]) are less
widely-used due to high cost and limited applications. They do not share the image
quality and resolution benefits of visible sensors, nor do they have the ability to detect
thermal signatures as do sensors sensitive in the MWIR and LWIR. They are most
commonly used for very specific applications that require information from the SWIR
region of the electromagnetic spectrum. Specific applications that utilize NIR and
SWIR imagery include skin detection [35], counting vehicle occupants [58], and face
detection [20].

Hyperspectral cameras are most commonly used for geographical survey and
remote sensing applications. Typically, these are line-scanning cameras that are sensi-
tive to hundreds of narrow regions of the electromagnetic spectrum, nominally ranging
from 400-2500nm. As such, they often have very low frame rates and spatial resolu-
tion. Additionally, the large amount of data they collect per frame requires exten-
sive computational power to process. The advantage of hyperspectral cameras is for

feature-aided tracking [11], [69], [70]. Due to the richness of spectral data available,



highly discriminative spectral features can often be generated for detecting specific

target classes [40].

Multi-spectral camera systems are often developed to detect specific wavelengths
of interest for a particular detection task. Often they are a combination of multiple
cameras sensitive in the broad range of desired wavelengths and filtered at the specific
wavelengths of interest. This scheme provides many of the benefits of hyperspectral
imaging for detecting spectral features, while significantly reducing the amount of
data collected and therefore lowering computational expense. Additionally, since line-
scanning cameras are often not required for the few wavelengths needed, frame rates
and resolution can be improved dramatically over those of line-scanning hyperspectral
cameras. Specific applications for multispectral sensors include background modeling

and object tracking [14], [16].

2.4 State-of-the-art Dismount Detection Techniques

There are numerous approaches to the problem of dismount detection. The most
common approach to dismount detection is the whole-body detection approach. In

this approach, a classifier is trained based on a set of exemplars or codebook patches.

Spatial features of an object are often utilized to increase separability of object
classes. These features include, but are not limited to, nonadaptive Haar wavelet
features [46], [57], [67], [75], dense encoding of local edge orientations (i.e., HOG)
(18], [19], [65], [66], [78], [80], and sparse encoding of local edge orientations (i.e.,
scale-invariant feature transform (SIFT) ) [39]. One challenge for the whole-body
approach is the number of exemplars necessary to represent the full diversity of pose

configurations within the classifier training set.

Another approach to dismount detection combines expert body part detectors
in an attempt to assemble a stronger “ontological” representation of a dismount [27],

[49], [65], [67], [76], [78]. This approach often breaks the body down into combinations



of subpart detectors (i.e., torso, legs, arms, and head) [8], [43], [46], [65], [68], [76] or
a codebook representation [6], [37], [38], [64].

One challenge for the ontological approach is associating multiple subpart de-
tections together to determine the likelihood that a dismount is present. One solution
is to train a combination classifier [8], [46], [65]. Probabilistic inference of the most
likely object configuration observed is another solution to the problem of associating

multiple parts detectors in a meaningful way [43], [68], [76].

A more exhaustive survey of state-of-the-art dismount detection techniques is
provided by [25]. This thesis effort focuses on the full-body detection approach using

HOG features combined with linear support vector machines (linSVM) .

2.5 Histograms of Oriented Gradients-based Dismount Detection

This section provides the background necessary to construct the basic compo-
nents of a HOG-based dismount detector. First, the methodology for generating HOG
features is provided, followed by a description of how a linSVM works. Finally, the

bootstrapping technique for training discrimination-based classifiers is provided.

2.5.1 Histograms of Oriented Gradients Feature Generation. One of the
most popular spatial features used in current literature is the HOG feature [19], [25],
[65], [66], [78], [80]. The feature is commonly used in concert with a sliding-window
detector for detecting and classifying in-scene objects. For the purposes of this thesis,
only the HOG parameter set that performed best in [25] is discussed and implemented.
Exploration of the best HOG parameters to use for dismount detection is beyond the

scope of this thesis, especially since that study is specifically accomplished in [25].

Figure 2.2 illustrates the steps involved in HOG feature generation. First, an
image patch is scaled to a resolution of 48 x 96 pixels (leaving a 12-pixel border
around dismounts for training purposes). Next, the image gradient is calculated by
convolving the image with a (=1, 0, 1) mask without smoothing in both the z and

y-directions. Figure 2.3 illustrates how this convolution affects imagery. Consider a
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Figure 2.2:  Histograms of oriented gradients (HOG) feature generation process (in-

spired by Fig. 1 in [19]).

row of pixels with values as indicated in the top portion of Fig. 2.3. Note the high-
contrast transitions in pixel values highlighted in blue, red, magenta and green in the
top portion of Fig. 2.3. The bottom portion of Fig. 2.3 represents the row gradient,
the result of convolving the top portion of Fig. 2.3 with the mask in the middle portion
of Fig. 2.3. At each high-contrast transition point in the original image, there is a
2-pixel-wide impulse of magnitude equal to the change in pixel value in the original
image. Directionality of the pixel value transition affects the sign of the gradient

impulse.

Resulting = and y gradients (Vaz and Vy) are combined to produce gradient
magnitude (r) and orientation (¢ € R[0°,180°]) by

r=+/(V2)?+ (Vy)2 (2.3)
Vy
¢ = arctan v, (2.4)

Gradient orientations are rotated by +180° as necessary to fall within R[0°, 180°] per
the suggestion of [19].

Next, the image patch is subdivided into non-overlapping cells of 8 x 8 pixels,
as depicted in Fig. 2.4 (red). For each cell, a 9-bin orientation histogram is taken (see
Fig. 2.5). Each cell pixel contributes its gradient magnitude as a histogram vote. The
magnitude is divided among the two bins whose centers are closest to the orientation
of the pixel. The percentage of the vote that goes to each bin is determined by linear

interpolation of the distance of the pixel orientation from each bin. The closer a bin
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Figure 2.3:  Gradient computation toy example. Blue, red, magenta, and green
values represent locations of high-contrast pixel-value transitions in the
original image.

center is to the pixel orientation, the greater percentage of the vote it receives. In

the case that multi-channel imagery are used, the vote for each pixel is determined

by the channel with the greatest gradient magnitude for that pixel.

Figure 2.5 depicts how a pixel contributes its vote to the histogram. If the pixel
has a gradient magnitude of 100 units and orientation of 25° (black arrow), the bin
centered at 30° will receive 75 units (blue arrow) and the bin centered at 10° will
receive 25 units (red arrow) because the pixel orientation is 75% closer to the 30° bin
center than the 10° bin center. This voting scheme is necessary to prevent aliasing.
If the votes were simply quantized into the nearest bin, detailed orientation informa-
tion would be destroyed. This histogram voting scheme incorporates all orientation

information available, resulting in a more accurate representation of the cell.
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Figure 2.4:  The image patch is subdivided into cells of 8 x 8 pixels (red) with no
pixel overlapping of cells. Cells are grouped into blocks (blue) of 2 x 2
cells with an overlap of 1 cell in each direction (blue, orange, green).

Once histograms are calculated for each cell, the image patch is divided into
blocks of 2 x 2 cells (Fig. 2.4 blue) with an overlap of one cell (Fig. 2.4 orange, green,
and blue). For each block, the constituent cell histograms are concatenated together
and the resulting vector is normalized by its f;-norm so that the vector has unit
magnitude. The normalized vectors from each block in the image patch are finally
concatenated together to form a 1980-dimensional HOG feature for a 48 x 96-pixel
image patch!. In general, the length of the HOG feature is determined by

length = (#bins) x (F#cells per block) x (#blocks), (2.5)

B Wy B wy B
#blocks = <#pixels per cell 1) % (#pixels per cell 1) ' (26)

IThe 48 x 96-pixel image patch is suggested by [25] for dismount detection.
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Figure 2.5:  Gradient orientation histogram voting toy example. Divisions along
the ¢-axis represent orientation histogram bin edges. Divisions along
the r-axis are to aid visual interpretation of magnitude values. The
black arrow represents a pixel gradient. The blue arrow represents
the portion of the pixel gradient’s magnitude that is received by the
orientation bin centered at 30°. The red arrow represents the portion
of the pixel gradient’s magnitude that is received by the orientation bin
centered at 10°.

2.5.2  Support Vector Machines. There are several techniques for binary

classification (deciding whether a sample is in a class or not in the class). One popular

family of binary classification techniques is linSVMs [63].

Suppose a matrix of M, N-dimensional pattern vectors (g) and a length-M
vector of corresponding class labels (y € {£1}) exist. Any N-dimensional hyperplane

can be defined as follows:

(W, Z,,,) +b=0, (2.7)
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where w,,, is a weight vector corresponding to pattern vector z,, and b is a real-valued
offset. If the two classes are linearly-separable, a hyperplane can be defined to serve
as a decision boundary between two classes as
1 it (w,,,z,,) +b>n,
Siti= < ) 7 , (2.8)
-1 if (w,,,z,,) +b<n,
where ; is the decision space for class label ¢ and 7, is a linSVM decision threshold

that is typically set to 0, but can be varied to produce receiver operating characteristic

(ROC) curves.

The margin is defined as the minimum distance from the decision boundary to

any pattern vector as follows:

£ = min Ym > L) Wi, Zn)
mw

|| (2.9)
Figure 2.6 depicts examples of multiple possible separating hyperplanes for a

two-class dataset and their associated margins.

Note that only the pattern vectors associated with the e-value are necessary to
define the hyperplane. This subset of the original pattern vectors (o C z) is defined
as the set of support vectors. The number of support vectors may be significantly
smaller than M, eliminating the need to store the entire set of pattern vectors when

using the linSVM on unknown data.

For optimal classification performance, the hyperplane with the largest margin
should be chosen to serve as the decision boundary. If no hyperplane exists that
perfectly separates the two classes, a soft margin optimization can be used. In soft-
margin optimization, a cost is assigned to every mis-classified sample that is relative
to the distance from the mis-classified sample to the decision hyperplane. The hy-
perplane with the largest margin and lowest cost is chosen to serve as the decision

boundary [63].
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Figure 2.6:  Separating hyperplanes and margins toy example.

Determining the optimal values of w and b, and selecting a corresponding to the
optimal decision hyperplane is an optimization problem that is beyond the scope of
this thesis. Details of how to solve the optimization problem (including cost parameter
estimation and extension of SVM using kernel methods) are provided in [63]. An
extensive list of freely available software implementations for learning and applying

1linSVMs can be obtained online [62].

2.5.83 Bootstrapping. When training a classifier, it is important that each
class is accurately represented in the training set. For a binary detector scenario,
where the classifier simply distinguishes whether a sample is in the desired class or
not, finding a useful training set can be tricky. For the positive training samples, often
all that is needed is a representative group of samples from the positive class. The neg-
ative class, however, is defined as “everything else”. Representing the entire universe

outside the class of interest is impractical. Therefore, a technique known as boot-
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strapping can be used to help define the most important aspect of any discriminative
(decision boundary-based) classifier: the optimal decision boundary. The descrip-
tion of bootstrapping provided in this section is consistent with methods discussed
in [19], [25], which should not be confused with the traditional definitions of bootstrap-

ping (or bootstrap aggregating, “bagging”) discussed in [10], [13], [21], [31], [56], [72].

Bootstrapping requires multiple classifier training steps. In the first step, the
classifier is trained with an equal number of positive and negative samples. The

negative samples are chosen at random from a large pool of known negative samples.

After the initial training step converges?, the resulting classifier is used to classify
additional random samples from the negative sample pool. The goal is to find as
many false positives as there are positive training samples. Essentially, this step
detects negative samples that are as close as possible to the best-performing decision
boundary. Once hard false positives are identified, those false positives are added to

the negative training set and the classifier is retrained.

Figure 2.7 illustrates the principles of bootstrapping using two-dimensional toy
data. The blue squares represent known positive training samples. The red circles
represent a random sub-sampling of known negative training samples. The red line
represents an approximate maximum-margin decision boundary based on just the
red and blue data. The black pluses represent false alarms when the red decision
boundary is applied to another random sub-sampling of the known negative training
pool. The black line represents a new decision boundary based on the false alarms

from the red decision boundary. This is considered one bootstrapping step.

After each training iteration, the performance of the resulting classifier should
be tested using a known test set. The test set should not include any of the training
samples to avoid biasing the results. The bootstrapping process should continue
to iterate until the classifier performance on the test set saturates based on user-

defined saturation criteria, for example if the performance gain between iterations is

2Convergence criteria vary based on the type of classifier being trained.
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Figure 2.7:  Bootstrapping toy example.

less than a user-defined threshold. Performance saturation indicates that additional
bootstrapping steps are unlikely to aid classifier performance further since the best-

discriminating decision boundary within the saturation criteria has likely been found.

In this thesis, bootstrapping is used to help train a linSVM dismount detector
(presented in Section 4.5.2).

2.6 Search Scheme Considerations for Spatial Detectors

Spatial detectors (i.e., detectors that explicitly or implicitly rely on spatial pat-
terns of in-scene pixels to detect objects of interest) often require a search technique
to determine which subset of image pixels should be evaluated. First, this section
provides methodology for the simplest search technique: the sliding-window search
scheme. Next, methodology for determining a measure of overlap between two win-

dows (the coverage statistic) is provided. A technique for deconflicting alarm windows
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that may be detecting the same object is provided next. Finally, general techniques

for search-space reduction are provided.

2.6.1 Sliding-window Search Scheme. A common method for implementing
a sliding-window search scheme is to generate a dense grid of overlapping windows at

multiple scales [25]. A set of sliding-window parameters

gw = {wx; Wy, hmina Wmin AS; AJ;? Ay},

is used to fully describe how the grid is to be implemented.

The authors of [25] determined that the best set of sliding-window parameters

to use for a HOG-based dismount detector is

0 = {w, = 48, wy = 96, hypin = 72, Win = 0, As = 1.1, Az = 0.1, Ay = 0.025}.

Henceforth this thesis utilizes this set of parameter values when referring to 6,,.

The base window, which will be scaled and shifted to produce the detection grid,
is w, x w, pixels. The minimum height of a search window (fm;,) and the minimum

width of a search window (wp,) are used to compute the minimum scale value as

follows:
hmin min
Spin = Max < , w_) , (2.10)
Wy Wy
. Smin = min . . Wnin = 0 from 6,,,. (2.11)

Wy

The maximum scale value is the largest scale value that will fit within the image

boundaries (x € Z[1, M] and y € Z[1, N]), determined as follows:

. (M N
Smax = Min (—, —) : (2.12)

Wy Wy
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For the purposes of this thesis, it is assumed that all images are wider than they
are tall (M > N), which is commonly the case for imaging sensors. Since w, < w,

from 6,,, wﬂz is guaranteed to be greater than w% if M > N. Therefore from Eqn. (2.12)

_N (2.13)

Wy

Smax

The scale (s) is a geometric sequence with the common ratio (or multiplier)

As € R(1,00) with elements
Sp = Smin(As)" 1. (2.14)

Since s, < Smax, the upper bound for n is derived from Eqns. (2.13)-(2.14) as

Smin(A8)™™ 7 < Smax, (2.15)

(Mamax — 1) In(As) < In <Sm> : (2.16)

Smin

ln Smax
Smin

<
Hmax = In(As)

+1, (2.17)

In(Smax) — In(Smin)
<
- In(As) 1 soe N g P
In(N) — In(wy,) — In(hmin) + In(w,)
<
- In(As) +1
In(N) — In(Amin)
ln(As +1
Nmax = In(V i) “Nmax € Z (2.18)
max — 11’1 AS max ) °
In(N) — In (hpin)
nEZ{l{ m(A) J+1]. (2.19)

For each scale (s,,), the search window is s,,w, X s,,w, pixels. The search window

is then shifted through the x and y-directions using the shift multipliers (Az and Ay)
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Figure 2.8:  Sliding window parameters example.

as follows:

T = 1+ (M — 1) Azs,w,, Vi, < M — 5w, + 1, (2.20)

Ymn = 1+ (m — 1)Ays,wy, Yy, < N — s,w, + 1, (2.21)

where z,,, and ¥,,, are the top-left coordinates for the search window at scale s,.
Figure 2.8 depicts an example of how the parameters described in this section affect

the size and location of the generated search windows.

2.6.2 Coverage Statistic. It can be challenging to accurately determine the
performance of a sliding-window detector for numerous reasons. First, ground-truth
bounding boxes may be subjective based on the human that defines the bounding box
limits. Furthermore, the size and location of the object in a ground-truth patch may

not perfectly coincide with any detector window configuration.

For this reason, it is helpful to utilize a measure of overlap between two windows
of arbitrary size and location. One such useful measure is the coverage statistic [25],
defined as follows:

A(ai N Clj)

Q(ai7 aj) - A(CLZ U aj) ’

(2.22)

where a; and a; are rectangular windows of arbitrary size and location within the

boundaries of the same image, A(a; N a;) is the intersected area of the two windows,
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Figure 2.9:  Coverage statistic example.

and A(a; Ua;) is the union area of the two windows. If the windows have no overlap,
then A(a; Na;) = 0 and consequently €2(a;,a;) = 0. If the two windows perfectly
match, then A(a; Na;) = A(a; U ay), and Q(a;,a;) = 1 as a result. Therefore,

Qai, a;) € R[0,1]. The coverage statistic concept is illustrated in Fig. 2.9.

2.6.3 Confidence-based Non-maximum Suppression of Detections. Due to
the nature of sliding-window detectors, it is possible that multiple search windows at
similar location and size in the same image could result in multiple alarms for the same
in-scene object. This can be problematic when trying to accurately gauge detector
performance. In order to suppress the number of alarms produced by one object, it is
useful to utilize a detection confidence output from the classifier for each alarm. For
the purposes of linSVM, the magnitude of the classifier’s real-valued output can be

used as the confidence number.

First, it must be determined which alarms may be in conflict. For this, the
coverage statistic is used [25]. If the coverage between two alarm windows from the
same image (a; and aj,i # j) is greater than a threshold (nq = 0.5 as suggested
by [25]), the windows are considered to be in conflict. For each conflict detected, the
alarm window with the greater confidence is kept and the other is discarded. This
process continues until all conflicts have been resolved. Figure 2.10 illustrates how

multiple alarm windows (multiple colors on the left side of the figure) are suppressed
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Figure 2.10:  Confidence-based non-maximum suppression example. Multiple alarm
windows that are considered to be in conflict (multiple colors on left)
are suppressed leaving only the alarm window with the highest confi-
dence value (red on right).

leaving only the alarm window with the highest confidence value (red on the right

side of the figure).

It is possible that if two objects of interest are positioned very close to one an-
other, two appropriate alarms may be considered to be in conflict by the confidence-
based non-maximum suppression algorithm. In this case, an alarm may be falsely-
suppressed. Figure 2.11 illustrates this scenario. The blue and red rectangles cor-
respond to alarm windows for the green and pink dismounts respectively. The cov-
erage of the two alarm windows is {2 = 0.5, which is the exact threshold where two
alarm windows are considered to be in conflict. In the worst-case scenario, both dis-
mounts are viewed from a sagittal-plane (side-view) aspect. While neither dismount
is partially-occluded (making them both valid targets for detector scoring), one of
their respective alarm windows will likely be suppressed. This situation will result in

a miss when scoring the detector.

2.6.4 Search Space Reduction Techniques for Sliding-window Detectors.
Many sliding-window detectors have a very large search area for each image under
test. This often leads to significant computational costs which can limit the prospects

of real-time processing [18], [19], [25], [46], [57], [61], [71].
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Figure 2.11:  Conflicting alarm window example. The blue rectangle represents an
alarm window for the green dismount. The red rectangle represents
an alarm window for the pink dismount.

The total size of the search space of an arbitrary M x N image (assume M >
N for this discussion) using sliding window parameter set 6, can be derived from
Eqns. (2.11)—(2.21). The total number of search windows (¢) per M x N image is

derived as follows:
M — s, w N — s,w
= = P | —E 1. 2.23
N ;{ Az s, w, * J L Ays,w, * J (223)

For example, the parameter set 0, (whose parameter values are defined in Sec-
tion 2.6.1) results in ¢ &~ 1.85 x 10° search windows per 640 x 480 image. Intelligent
reduction of this search space can dramatically improve overall processing speed, es-

pecially if the processing time for an individual search window is significant.

A very common method of search space reduction is to segment an image into
foreground and background pixels. Foreground pixels are defined as pixels that should
be identified using the detector of interest. Background pixels are defined as pixels

that should be ignored by the detector.
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