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(ABSTRACT)

The extraction and analysis of human gait characteristics using image sequences
are an important area of research. Recently, the focus of this research area has turned
to computer vision as an unobtrusive way to analyze human motions. The applications
for such a system are wide ranging in many disciplines. For example, it has been
shown that visual systems can be used to identify people by their gait, estimate a
subject’s kinematic configuration and identify abnormal motion. The focus of this
thesis is a system that accurately classifies observed motions without the use of an
explicit spatial or temporal model. The visual detection of hidden loads through
passive visual analysis of gait is presented as a test of the system.

The major contributions of this thesis are in two areas. The first is a neural
network based scheme that classifies walking styles based on simple image metrics
obtained from a single, monocular gray scale image sequence. The powerful neural

network classifier utilized in this system provides an efficient, robust and highly



accurate classification using these image metrics. This eliminates the need for more
complex and difficult to obtain measures that are required by many of the currently
human visual analysis systems. This system uses computer vision and pattern
recognition techniques combined with physiological knowledge of human gait to
estimate an observed subject’s hip angle. The hip angle is then used to calculate a
normality index of the gait. The hip angle estimate and normality index are then used
as inputs to a neural network. It is shown through experiment that this system provides
an accurate classification of four different walking styles observed by a single camera.
Secondly, a computer vision based approach is presented that provides an accurate pose
estimate without the use of an explicit spatial or temporal model. A hybrid fuzzy neural
network is used to assign contour points of a silhouette to kinematically relevant
groups. These labeled points are used to estimate the joint locations of the subject. The
joint angles are shown to be good estimates as compared to ground truth angles
provided by a motion capture system. The effectiveness of the system to distinguish
between subtle gait differences is demonstrated by detecting the presence of hidden

loads when carried by walking people.
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Chapter 1: Introduction

1.1 Locomotion Analysis Background

Analysis of human walking movements, or gait, has been an ongoing area of research
since the advent of the still camera in 1896 [7]. Since that time many researchers have
investigated the dynamics of human gait in order to fully understand and describe the
complicated process of upright bipedal motion. Stemming from this, a number of areas
have emerged that attempt to exploit the analysis of this motion. These areas are highly
researched and include clinical gait analysis [46] for rehabilitation and diagnosis,
biometric gait analysis for automatic person identification [14 - 21, 24, 30] and passive
human analysis for surveillance [6, 80]. These areas dominate the field of gait research
at present. Although these fields analyze human gait, each one uses different
techniques and systems. Clinical gait analysis focuses on collection of gait data in
controlled environments using motion capture systems that are intrusive. Data
acquisition must be implemented in special facilities that are used specifically for
motion capture. Goals of passive human gait analysis are much different. The goal is
to unobtrusively observe and analyze an individual’s gait in a variety of different areas
and scenarios in these systems. Because of the limitations, gait analysis for use in these

systems is based on visual data capture. In other words, video of walking subjects is



used to analyze gait. The complicated nature of this analysis necessitates the use of

sophisticated computer vision systems to generate variables that describe gait motion.

Due to the wide range of applications, passive visual analysis of walking people is an
area of intense research in the field of automated visual surveillance. Currently, these
systems rely on complex image metrics [6, 85, 95, 122, 125, 132, 148], complicated
classification schemes [96, 118, 124, 131, 162, 176, 176, 206, 207, 210, 257], multiple
cameras [117, 130, 142, 215, 226] and computationally intensive model matching
techniques [78, 91, 92, 93, 120, 150, 165, 198, 199, 228, 250, 261]. Traditionally,
vision based gait analysis systems have focused on person identification [6, 14, 15, 16,
20, 21, 22, 23, 24, 24, 92, 97, 123], however, recent research has been done in many
alternative applications [6, 92]. For example, systems attempt to classify activities [18,
30, 42, 80, 118, 124, 171, 207], gait abnormalities [45, 46, 111] or estimate the pose of
individuals [25, 35, 36, 85, 96, 112, 113, 114, 115, 174, 196]. Of these applications,
gait abnormality classification has many unique challenges and a broad array of
applications. Numerous clinical studies have shown that accurate gait analysis can be
used to diagnosis diseases [55], quantify the effects of obesity [53, 54, 55, 56, 57, 69,
72] and detect the carriage of external loads [49, 50, 51, 52, 59, 61, 64, 65]. Many of
these systems rely on high resolution motion capture systems to measure key kinematic
variables, such as joint angles. However, a visually based measurement system offers

many advantages in these types of systems such as eliminating the need for complex



motion capture systems as well as allowing for unobtrusive, cost effective and simple

to implement gait analysis.

1.2 Current Human Locomotion Analysis Systems

Currently, most visual gait analysis systems are either based on spatial
models, temporal fitting or direct image feature matching. Temporally based analysis
systems attempt to relate temporal information contained in an image sequence to the
observed gait dynamics. These models view the human body as an articulated
kinematic chain that generates an observed image sequence. The changes from frame
to frame are considered to be driven by the underlying structure of the observed
subject. The changes in the image are then related to kinematic gait parameters [24, 30,
44, 79, 228, 232, 248] or spatiotemporal trajectories of relevant parts in the kinematic

chain [170, 172, 241].

Of the spatial model based analysis systems, the W4 system [80] was one of the first to
accurately analyze humans in a passive surveillance application. This system was able
to track and analyze groups of people, as well as single people, within a scene. While
[80] focusing on the tracking of people, and not the analysis of their motions, their
system still allows for the tracking of individual body parts that can be used in
conjunction with other analysis schemes to classify observed motions. In [80] shape

3



analysis of the silhouette is used to locate and track individual body parts of an
observed walking subject. Some of the more recent work in this area is that of Zhou et
al. [78] and Mcintosh et al. [119]. In Zhou et al. [78], they utilize a simple human
model to estimate kinematic configuration from human silhouettes. They perform a
dynamic Hough transform [88] to find the contour of a human torso in the image
sequence. The region around the detected torso is windowed and normalized. The
extracted silhouette is then converted to an edge image and compared to 6 different
model prototypes using the chamfer distance transform [264]. The model configuration
is initialized based on the level of matching between each prototype and the edge
image. The model parameters are adjusted to minimize the error between the input
silhouette and the chosen prototype. These parameters are used for the entirety of the
gait cycle. An HMM framework is used to estimate the configuration of the model
from one frame to the next. This pose is adjusted if the difference between the
silhouette and the model is too large. The configuration is changed such that the
amount of error between the silhouette and model is minimized. The testing done
shows resilience to image noise and silhouette error, however, all results are qualitative
in nature. No comparisons to ground truth kinematic measurements are shown. In
Mclntosh et al. [119], a human body model is learned from data using a deformable
organism framework. Shape contexts [122] and normalized texture information of
input images are used to initialize the limb locations of the model. The shape of each
limb is then optimized based on the input image. Once the limb shape is determined,

joint position estimates are refined from their initial values. Finally a local gradient



search is performed to further refine limb position estimates. This is done
hierarchically from limb to limb using a probabilistic framework. Qualitative as well
as quantitative results are given using the Mobo [159] database. The results are
comparisons of the model to manually segmented images as well as visual comparisons
between the images and the calculated model locations. Again, they do not perform

comparisons to ground truth kinematic data.

While model based approaches remain the most popular for visual gait analysis,
systems which use subspace analysis techniques to analysis image sequences are also
prevalent. These systems attempt to reduce the high dimensional image space (often
thousands of dimensions) to just a few highly relevant dimensions. These methods
often rely on analysis techniques, such as Principle component analysis [81], to reduce
the image to a few highly descriptive values. The most recent of these methods is that
of Elgammal and Lee [79]. They use a non-linear subspace embedding technique
known as Local Linear Embedding to form a low dimensional gait manifold from an
input image sequence. This reduces each image to a point on a three dimensional
manifold. The relationship between this manifold and the actual body configuration of
the observed person is then learned using a Radial Basis Function. The system is
limited in its testing and it is not shown to accurately determine gait parameters directly

from image sequences.



The final class of visual gait analysis systems relating to this work is those which
attempt to directly relate image metrics to human body configurations. These systems
often rely on relating edge or gradient information taken from an input image to a
learned representation of the kinematic configuration. Two recent works in this area
are Mori and Malik [122] and Knossow et al. [121]. In [122], shape contexts are used
to initialize limb configuration of observed subjects. Points located on the edges of the
image are then classified based on their distance from each of the proposed limb
locations. These points are used in conjunction with a 2-D kinematic chain and
deformation model to refine the limb position estimates. Using Taylor’s method
keypoints obtained from limb locations and a scaled orthographic projection model for
the camera are used to estimate the 3-D configuration of the subject. Qualitative results
are given that compare estimated kinematic configuration to the corresponding images
of the subject. In [121], the extremal contours of the edge image of a subject are
compared to the contours generated by a projection of a model onto the image plane.
This method attempts to match multiple synchronous images of a human subject to a
human model in two dimensions using edge information. The edges are matched using
the chamfer distance transform and a best fit is obtained both for model configuration
and model orientation. The results is an estimation of the 3-D configuration of the
observed subject. Results are given compared to ground truth data for a number of
body configurations, however, the subjects are performing exaggerated movements

human locomotion analysis is not done.



1.3 Data Collection Methods

There are various sensor modalities used in the analysis of human movements. Each
of these modalities varies in terms of implementation, cost and intrusiveness. The most
popular types of captures systems used in the analysis of human movements are three-
dimensional motion capture, single two-dimensional camera and multiple, calibrated

two-dimensional cameras.

1.3.1 Three Dimensional Motion Capture

Commercial three-dimensional motion capture systems are the most
commonly used in the field of biomechanics for analyzing human movements. These
systems consist of multiple infrared cameras used in conjunction with reflective
markers placed on important kinematic regions of an observed subject’s body, often
joint locations. The infrared cameras are calibrated so that they can calculate the exact
three-dimensional position of each reflective marker. The positions of each marker are
then used together to determine the exact configuration of the subject’s body. While
these types of system are intrusive, expensive and difficult to implement they provide
the most accurate results. In many cases the positions calculated using these systems

can be treated as ground truth locations.
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1.3.2 Single Camera Systems

The simplest to implement human analysis systems are those that use a single
two-dimensional camera. These systems are unobtrusive, cheap and easy to
implement. However, the processing required for these systems are the most difficult
due to the fact that they provide the least amount of information of any of the sensor
modalities used in human movement analysis. Despite these issues, single camera
systems are the most researched due to the ease of data collection that these types of

systems provide.

1.3.3 Multiple Camera Systems

The use of multiple camera systems has arisen from the desire to obtain
accurate three dimensional models of humans without the use of intrusive motion
capture equipment. These systems utilize multiple synchronized and calibrated
cameras to obtain multiple viewpoints of an observed subject simultaneously. These
images are then used to form volumes in the three dimensional space by localizing a
specific region of the object in multiple image planes. The volumes, or voxels, are then
fit to three dimensional models of the human structure. These systems provide a large
amount of data and result in improved three dimensional performance when compared

to single camera systems. However, they require multiple calibrated cameras and the



subject must be visible from a specific number of cameras at all times. This limits the

application of these systems to a restricted environment.

1.4 Contribution

Although much research has been done in the field of computer vision for the
analysis of human gait, very little work has been done in the area of global gait analysis
for the detection of gait abnormalities. The majority of the work done in this area
utilizes motion capture data [6], assumes that all joint locations are marked [17],
utilizes synthetic image data, or is very limited in scope and effectiveness [21, 25, 27,
18, 43] (a limited number of grossly different human motions such as various
gymnastic movements [21]). In this work, a system is proposed that determines if an
observed subject walking normally or moving abnormally. The system presented in
this thesis extracts gait variables from video in a novel way. A variety of computer
vision techniques are used to estimate traditional gait descriptors (such as hip angle and
height) from images. The assumption that human gait motion behaves as a damped
harmonic oscillator is exploited in a pattern recognition scheme that is used to classify
gait as normal or abnormal. The experimental results show that this approach yields an
accurate classification of normal and abnormal gait when presented with a number of
different walking subjects. These results demonstrate not only the validity of the
human gait as an oscillator assumption, but also the validity of using video to analyze

human gait to classify a variety of different abnormalities.
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Additionally, a system is described that detects the conveyance of hidden loads by
walking subjects. This is uniquely accomplished using spatial information without the
use of an explicit human model. Silhouettes are extracted from individual images to
generate a series of boundary edge points. These points are assigned to a relevant
kinematic family (ie. shank, thigh, etc.) using a hybrid fuzzy neural network. The
points of each part family are used to estimate the joint locations of the observed
subject. This allows for joint angles to be estimated in each frame independently from
preceding frames. This system does not rely on any type of temporally based image
model or the fitting of an explicit spatial model, something that has yet to be shown in
current literature. This allows for accurate kinematic estimation that does not rely on
multiple cameras, computationally expensive algorithms or calibrated cameras. The
system’s effectiveness is shown through comparisons to ground truth motion capture

data and in an application of hidden load detection.

1.5 Organization

The remainder of the thesis is organized as follows. Chapter 2 is a review of
current human pose estimation and gait analysis techniques. Chapter 3 reviews the
basics of biomechanics and outlines the effects of hidden loads on human gait. Chapter

4 discusses neural network design and training as well as fuzzy logic and fuzzy neural

10



networks. The computer vision techniques that are used in this thesis are outlined in
Chapter 5. Chapter 6 describes the system developed to classify abnormal gait and
determine the type of gait observed. The visual hidden load detection system is
presented in Chapter 7 and the conclusions and discussion of future work is covered in

Chapter 8.
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Chapter 2: State of the Art in Human Activity

Analysis

2.1 Visual Human Activity Analysis

The visual analysis of humans has been a highly researched area in the past 10 years.
This type of analysis requires the use of many of the most complex areas of computer
vision. Chief among these are object detection, tracking and localization. However,
human analysis remains a challenging, unique problem due to non-rigid objects
(humans), varied and complex motions as well as appearance and size changes from
subject to subject. Further complicating these issues are the requirements of the higher-
level analysis systems that analyze the poses obtained by the visual systems. The
requirements for not only high accuracy, but limited assumptions make the visual

analysis of human subjects one of the most challenging in computer vision.

2.1.1 Common Human Analysis System Assumptions

Due to the problems associated with automated human visual analysis stated
above, many systems rely on a range of assumptions to make the problem more
manageable. Additionally, scenes are often further complicated by background clutter,

dynamic lighting conditions, camera noise and changing motion. Each of these areas
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can be attributed to the background, camera, motion and subject. These assumptions

are further detailed in the following sections.

2.1.1.1 Image Background Assumptions

The assumptions which deal with the area surrounding the subject in an image
are commonly referred to as background assumptions. These types of assumptions are
the most common in human analysis systems and can be created to deal with problems
such as clutter and lighting. The first of these assumptions is that of a static
background. The exclusion of moving objects simplifies the modeling of background
regions in the image, which in turn, allows for the reliable extraction of a subject's
silhouette in an image [13]. An extension of this assumption is that of stable lighting

conditions. Within an image,
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Figure 2-1: Example of cluttered background

dynamic lighting conditions can be difficult to model and lead to a large variation in
individual pixel values in the image [13]. Another assumption which is commonly
used in edge based analysis systems is that of an uncluttered background. This allows
for the use of edge features that can be reliably attributed to the subject and not
erroneous portions of the image. Another assumption commonly used in human

analysis systems is that the

14



Figure 2-2: Example of cluttered edge image

image contains only one subject. This greatly simplifies analysis because all image
features can be attributed to one subject without the need for assigning them to multiple

subjects in a scene [92].
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2.1.1.2 Camera Assumptions

The most common assumption that relates to the image capture device is that
the camera is static. Camera motion can create large variations in the observed images
that make modeling a scene difficult, if not impossible. Camera calibration is another
common assumption that is used in systems that find the pose of a subject in three
dimensions. A calibrated camera allows the user to know the position of the camera
and regions within the image. This can be used to project the observed 2-D pose into a
three dimensional space. These assumptions are also used in multiple camera systems
that rely on known camera positions to form voxels from the pixel locations in each of

the camera's images.

2.1.1.3 Assumptions of Observed Motion

Motion assumptions are made to reduce the complexity of dynamics that must
be modeled in the system. The assumption that the subject is visible in all frames
eliminates the need for detecting the subject in each frame. Many systems assume that
the frame rate of the video is sufficient enough to prevent large jumps of the subject
from frame to frame, this allows for motion limitations that greatly reduce the search
space in each image. The final assumption deals with the motion of the subject. This

is that the motion being observed is simple and predictable by a previously defined
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model. The assumption of known motion allows for reliable tracking and improves the

accuracy of spatial pose estimation in many systems.

2.1.2 Types of Human Activity Analysis Systems

Human visual analysis systems utilize a variety of techniques. The most
common types of systems use spatial models, tracking methodologies or manifold

methods to estimate the observed subject’s parameters.

2.1.2.1 Spatial Model Based Analysis Systems

A popular method used to calculate the pose of human subjects is spatial modeling.
These models form an approximate representation of the body and attempt to fit this
representation to the observed image data. These models can be used directly in the

image space as 2-D models, in conjunction with depth or probabilistic information
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Figure 2-3: Spatial Humanoid Model

to fit 3-D models to 2-D images. An array of cameras can be used to fit a 3-D model.

Many different types of 2-D human models have been proposed in the literature [78,
91, 92, 93, 120, 150, 165, 198, 199, 228, 250, 261]. Often times these models assume
that the human structure is a collection of articulating rigid parts. Recent literature has
shown that template based [78, 161, 235] and 2D image blob models [115, 162, 163,
259] can be effective in estimating the pose of observed subjects. Often times, these
models are limited to parallel or front views in order to reduce the effect of small out-
of-plane rotations. Some systems attempt to handle out of plane rotations by using
depth in their model in addition to the 2-D image information [265]. A major
limitation of 2-D models have is self-occlusion and differentiating between left and

right limbs.
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In order to overcome the problems and limitations of 2-D body models, three
dimensional models have become popular. These models often use multiple view
points (provided by multiple cameras) [117, 131, 193, 197, 266], stereo vision [228], or
strong prior information [78, 125, 226] in order to find a subject's pose in 3-D. Many

of these methods expand on template based 2-D

Figure 2-4: Three dimensional humanoid model, taken from [271] Y. Wang and K.

Cheng 2010.

models and create a 3-D model consisting of volumetric parts [130]. These models
assume that the subject is a collection of articulating rigid parts in the same manner of
the 2-D models. While these types of systems often provide much more information,
the models are ill-constrained which makes it difficult to accurately determine the 3-D

pose of a subject.
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2.1.2.2 Human Tracking Methods for Activity Analysis

Tracking methods attempt to find the location of body parts by estimating the
subject’s motions from frame to frame in an image sequence. This can be done in a
variety of ways. A popular method is to assume the initial pose and position of the
subject is known and track the proceeding frames in the sequence [6, 30, 92, 131, 164,
165, 193, 209, 226, 228, 237, 248] to recover the subject's pose throughout the image
sequence. While these systems perform well when the motion is known, they require a
specific type of motion and the initial position and pose to be known. This is not
always the case in human visual analysis. Another type of tracking method is those
that attempt to find the motion information for each limb from a video. These motion

trajectories are fit to known motion models for each limb.

2.1.2.3 Manifold Methods for Activity Analysis and Viewpoint

Estimation

Manifold methods attempt to condense an image sequence to a reduced dimensional
manifold [79]. These methods use dimensionality reduction techniques to find the
underlying motion manifold of observed image sequences. These dimensionally

reduced sequences are then used to learn a representative manifold structure in the
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manifold subspace. The manifolds for various observed motions can then be classified

in
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Figure 2-5: Gait motion manifold using Locally Linear Embedding (LLE)

the manifold space. These types of systems have shown that they can be generalized to

multiple view-points [79], however, they have difficulty analyzing unseen subjects or

motions.

2.1.3 Types of Human Body Models Used for Activity Analysis

21



The different types of body models that are used to estimate pose have distinct
differences in construction and how they are fit to the observed images. Model types
can be two or three dimensional and are fit to images using different features based on
the application. The two predominant types of models used in recent works have been

Kinematic Trees and Part Based systems.

2.1.3.1 Kinematic Tree Type Human Body Models

The Kinematic Tree based representations assume that each part of the body
combines to form a tree structure. The pose of the subject is parameterized
by X = [y, 0y, 01,02, .. Oy] | where x- € R?* s the position of the root; & is the
orientation of the root in the world frame of reference and #: is the orientation of limb i

of reference.

Figure 2-6: Human kinematic tree
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This often leads to a high dimensional pose space because the joint orientations are

characterized by two or three angles.

2.1.3.2 Part Based Human Body Models

In contrast to Kinematic Trees, part based systems treat each body part
individually and link each part of the body together with a function which enforces
body configuration. These types of models use a simple representation of each body
part such as rectangles [79, 169], trapezoids [195, 196], or templates [149]. The
positions of each part of the model are fit to the image in terms of either compatibility

[172, 174] or probabilistically [122, 169, 196, 197, 248]. The models are
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Figure 2-7: Part based human model

created using kinematic constraints which enforce the position of each limb relative to

the others.

2.1.4 Image Features Used in Human Activity Analysis

The dimensionality of images requires that features be extracted before
attempting to estimate the pose of a subject. These features are based on the system.
Many different types of image features are used in pose estimation systems. The most

common types are described below.
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2.1.4.1 Image Silhouettes

Silhouettes are one of the most popular features used in human visual analysis
systems. This is due to their relatively straightforward computation and ability to
quickly localize the subject within an image. Silhouette calculations are more robust to

image clutter and edge noise; however the level of information they provide is limited.

Figure 2-8: Human silhouette

Silhouettes are often formed by extracting the foreground from an image. The area of
the foreground is then assumed to be the silhouette. An example of this is Chroma-
keying [133] where subjects perform actions in front of a green or blue screen that can
easily be edited out. More complicated scenes require sophisticated analysis
techniques. The most common class of background subtraction techniques are based

on statistics. These types of systems use a sequence of images to learn a model for
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each pixel in the image, these are often Gaussian. Once the model parameters are
learned, each pixel's membership to the background can then be calculated. In order to
handle dynamic background conditions, many recent systems use Gaussian mixture
models [216] or nonparametric models [13] to calculate a pixel’s multi-modal intensity
distribution.  After background subtraction, the resulting silhouette can contain high
amounts of clutter and false positives due to pixel variations. These errors are

corrected using morphological filtering operations.

(a) (b) (c)

Figure 2-9: Morphological filtering of a silhouette, (a) input silhouette, (b) dilation

filtered image, (c) final silhouette
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These operations serve to remove noise and provide a more consistent silhouette.
Several methods that use color thresholding [90] have also shown promising results

when using a color camera.

2.1.4.2 Color Features

The addition of color or texture information of the image allows for more sophisticated
analysis than that provided by silhouettes. Color information is often used after a
subject has been found in an image to provide a more accurate pose estimate.
Additionally, many systems use color images for skin-color detection and
segmentation. These systems rely on the assumption that skin has a distinct color and
texture and certain areas of the body will always have skin exposed [126, 127]. These
models are often based on probability of a certain pixel being skin. This formulation is

given in equation 2.1.

P15 |skin yp(skin)
pll,.  [skinyp(skin) 4 pl I, | ~skin | p(~skin) (2.1)

plskinlly) =

This probability can then be compared to a threshold to determine if the pixel in
guestion contains skin or not. The parameters from equation 2.1 are often learned from

exemplar data.
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While silhouettes provide a large amount of information and are calculated using
proven techniques, they are still susceptible to many problems. Chief among these is if
background colors appear on foreground objects because there is no way to distinguish
between foreground and background in these cases. Shadows are hard to remove from
images and cause false positives on the silhouette. A large number of objects in the
image can also make distinguishing between separate foreground objects difficult or

impossible.

2.1.4.3 Image Edge Features

Edge features are commonly used due to their semi-invariance to viewpoint,
lighting and texture. They can also provide insight into the interior of objects that
silhouettes are unable to provide. Edge features can be calculated a variety of ways,
however, most are based on spatial image derivatives. Directional filters can be used in

order to obtain edge orientation in addition to location. Edge features tend to be highly
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Figure 2-10: Edge image

local. Because of this many systems use spatial filtering [86] to remedy these problems.

2.1.4.4 Human Contours

Contours are the full or partial outline of an object. These can be either static or
dynamic. Static contours are just another representation of a silhouette and provide no

additional information to the silhouette. Dynamic contours, or active contours, allow
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the contour to deform according to the observed image edges. These deformations are
controlled by energy functions based on image edges and a smoothness parameter. The
deformations can also be based on prior knowledge of an object. These types of
systems are referred to as deformable templates [77]. These types of models are
limited in the analysis of articulated objects and provide a poor estimation of pose

when using a single

Figure 2-11: Human contour

camera. However, promising results have been shown when used in multiple camera

systems [184].
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2.1.45 Ridge Features

Ridges are the second spatial derivative of an image. These derivatives account
for elongated structures within an image and have shown to be effective in modeling
limbs [192]. Ridges are particularly effective at finding parallel edge structures within
an image. This makes them ideal for limb detection. Noise can be a significant
problem since they are a high order derivative. The filters are also highly sensitive to

orientation and scale.

2.1.4.6 Image Sequence Optical Flow

Optical flow is the estimation of motion taking place within the image. This is
accomplished by finding matching image regions between consecutive frames within a
sequence. This results in an horizontal and vertical velocity for each pixel. The

equation used to calculate optical flow is given in equation 2.2.

dl(x,y.t) _al{x,y.t)dx al(x.y.t)dy 8l(x.y.t)
at  ~ o9x dtT oy dtT et 2.2)
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dx ciy]
Solving equation 2.2 for [dt’fit results in an optical flow field. In order to help

alleviate the noise in the optical flow field locally constant motion is assumed. While

this method

Figure 2-12: Optical flow field for an image

does help reduce the noise it can cause problems when analyzing articulated objects
because the constant motion assumption is frequently violated. Due to these issues,
optical flow is often used in conjunction with other techniques in human pose

estimation.
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2.1.4.7 Three Dimensional VVoxels

Voxels are a three dimensional pixel generated using multiple viewpoints [].
Typically this is done by find corresponding pixels in the images of a number of
calibrated cameras [142]. A three dimensional silhouette can then be found by
projecting finding a silhouette for each image. If the projection of a voxel falls within
the silhouette for all viewpoints, then that voxel is assumed to be within the volume of

the three dimensional silhouette.

¥y K
¢

Figure 2-13: Example of three dimensional silhouette, taken from [270] I. Mikic and

M. Trivedi 2003.

A voxel is considered to be in the background if any of its projections are located
outside of the silhouette for its associated viewpoint. While voxel based features are

quite powerful in human pose analysis they still rely on an accurate calculation of a
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silhouette and therefore suffer from the same limitations as traditional 2-D silhouettes.

Also, the need for multiple calibrated cameras makes the image data difficult to obtain.

2.1.4.8 Shape Contexts

Shape context is an image descriptor that is based on binary edges. For each of
the edge points the distance and angle to each of the remaining edge points are
calculated. A log-polar histogram is then formed using these distances and angles. The
process is then repeated for each of the selected edge points. The collection of these
histograms is typically used as the descriptor for the object. This metric can be

computationally expensive but has invariance to object rotation and translation.

2.1.5 Human Pose Estimation for Activity Analysis

Many of the models, techniques and image metrics described above are used to
estimate the pose of an observed human subject. Although a wide variety of techniques
have emerged most can be grouped into one of two categories: discriminative or
generative. While these methods each use similar features and models, they attempt to

solve the problem of human pose estimation in two different and distinct ways.
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2.1.5.1 Discriminative Models

Discriminative approaches desire to find a direct mapping between the image
feature space and the two or three dimensional pose space. These often use a single
image [113, 179, 181, 189, 206] and either silhouettes or edges as image features. A
probabilistic mapping is learned using nearest neighbor search [189], regression [206]
or specialized mappings [179]. These methods can provide accurate results given an
adequate training set. The main drawback to this type of approach is that they rely
heavily on the quality of the image features. This makes them very sensitive to image

noise and errors in feature calculation.

2.1.5.2 Generative Pose Estimation

Generative approaches to human pose estimation are the most popular methods
used. These approaches rely on kinematic tree or spatial models. The pose is defined
by a set of parameters which represent the position and limb orientation of the subject.
The pose is estimated calculating the likelihood of a configuration from the image
features. While these methods are robust to noise they require a very high dimensional
search space that can be difficult to implement. These methods often must be manually
initialized and rely heavily on tracking to retain accuracy throughout an image

sequence.
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2.1.6 Current Evaluation Methods for Human Activity Analysis

Currently many pose estimation systems are evaluated qualitatively due to the
lack of reliable "ground truth" pose data. Qualitative methods are widely used and
evaluation relies on visual inspection of results [6, 92, 174]. While this type of
evaluation can provide a feel for the general performance of an algorithm, the accuracy
is often far from what is needed for many human gait analysis applications.

Recently some quantitative evaluation of human pose estimation systems have
been done. For many 2-D human pose systems the algorithm's performance is
compared to manually labeled data [170, 173]. However, these types of performance
metrics often use pixels as the distance metric and can vary greatly when comparing
results. A system that uses motion capture data to compare the performance of the pose
estimation, such as that done in this thesis, is desirable. This facilitates the direct
comparison between ground truth kinematic position data and the pose estimated by the

system.

2.2 Biomechanical Analysis of the Kinematics for Loaded Gait

Little work has been done to study the effect of external load carriage on human

gait. The current studies are limited to general effects and rely solely on 3-D motion
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capture systems. These studies have shown that differences between loaded and
unloaded gait exist in various single pack loads [49, 50, 51, 52, 59, 61, 64, 65]. The
work in this thesis attempts to find differences due to double pack loading without the

use of 3-D motion capture systems.

2.2.1 Three Dimensional Motion Capture Systems

Three dimensional motion capture systems utilize some number of specialized
cameras in order to exactly find the position of reflective markers that are placed on a
subject's body. These systems provide highly accurate, highly sampled data that can be
used to exactly calculate a joint's position. While these systems provide high quality

data, they remain intrusive and highly restrictive in their implementation.

2.2.2 Traditional Gait Analysis Techniques

Many current biomechanical gait analysis systems rely on linear spatio-
temporal measurements such as stance times, stride frequency and trunk inclination.
While these metrics are easy to calculate from motion capture or accelerometer data the
information they provide is rather limited. Recently, more complicated methods have

been investigated such as continuous relative phase (CRP) analysis. This technique has
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been used to evaluate limb coordination in several studies [66]. Phase analysis can be
used to show coordination between two oscillating components [106] which can give
insight into the control of a system. This makes phase analysis very useful for

investigating complex effects on human movement.
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Chapter 3: Biomechanics of Human Locomotion

The process of a human moving from one place to another is defined as
locomotion [7]. Because such a large number of different motions can arise during
locomotion, the movement from one place to another at a regular speed is the focus of
explanation for this section. This type of motion is governed by the rhythmic
displacement of body parts that result in a constant movement in the desired direction.
Bipedal motion requires a very specific rhythmic pattern to avoid a number of
instabilities and unnecessary energy expenditures. Because of this particular rhythmic
motion, gross similarities are found in human gait between individuals that are
dissimilar in proportion, ethnicity, or any other attribute. This rhythmic motion can be

broken down into a number of phases that dominate the motion.

3.1 Human Gait Dynamics

Due to the repeatability and predictability that must take place during human
gait the motion can be characterized by a few key phases and movements. The legs
oscillate underneath the upper body at a certain and repeatable frequency in order to
maintain a certain velocity. The movement parallel to the plane of progression is very
large in relation to the movement perpendicular to the sagittal plane. In addition the

body undergoes a vertical displacement as the legs oscillate. With respect to these
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motions, inferences may be drawn from the fact that an efficient system always
attempts to minimize the amount of energy expended to accomplish a task. Using these
inferences, the hypothesis that all of these motions will be incorporated in a fashion
that minimizes energy expenditure while maximizing the amount of distance traveled
per cycle can be made [7]. Stemming from the above hypothesis, human walking is
defined as a repeatable process in which a human body is supported in an upright
fashion by each leg. While being supported by one leg, the opposite leg is moving
forward underneath the body in the direction of motion so that once the moving leg is
as far forward as the cycle allows, it becomes the support leg and the trailing leg now
swings forward. This cycle is repeated to accomplish forward motion of the entire
body. Two specific factors must be in place for the gait cycle to be accomplished. A
ground reaction must take place beneath each foot and each leg has to continue its
periodic motion uninterrupted for the duration of the walking cycle [7]. Because of
these tenants, there are specific body motions that must universally take place in each
individual’s gait. One important fact is that the body must accelerate and decelerate in
the direction of motion during the gait cycle. This comes from the way the support and
swing legs move underneath the body, when the support leg is behind the body the
dynamics allow the body to accelerate at a slightly greater rate, when the support leg is
located in front of the body there is an associated deceleration [7]. The structure of the
body itself causes a vertical movement associated with where the support leg is located.

When the leg is in front of or behind the upper body a triangle is formed and the height
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is therefore reduced as compared to when the support leg is directly underneath the

upper body. An example of this is shown in Figure 3.1.

(b)

Figure 3-1: Comparison of double stance phase and single stance phase, notice how the
configuration of the legs results in a change in vertical height from one phase as

compared to the other

As can be seen in Figure 3.1, the physical structure of the body coupled with the
motions necessary to move the body forward efficiently result in vertical motion. This
may also be observed quantitatively using a commercially available motion tracking

system to observe and record the three-dimensional location of points on the body with
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respect to time. Figure 3.2 shows the vertical motion of the head of a subject during

normal walking. The head predictably moves in a cyclic up and down motion.
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Figure 3-2: Vertical motion of the top of the head measured during normal walking;

notice that the motion is dominated by a roughly sinusoidal component

In addition to the vertical motion of the subject, another necessary motion that most
take place repeatedly throughout a period of gait is the angular variation between the
two legs as viewed in the two-dimensional sagittal plane. The sagittal plane is the
plane parallel to the direction of motion. This angular variation takes place when the

legs move from the double stance phase to the single stance phase as seen when the
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subject transitions from (a) to (b) in Figure 3.1. This angle can be calculated using
position data similar to that used to find the vertical motion of the head, however the
knee positions and hip location in the sagittal plane is used to calculate the angular

data. Anexample of this hip angle data is given in Figure 3.3.
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Figure 3-3: Hip angle of a subject calculated using motion capture data, the angle is
degrees down for the plane parallel to the ground at the height of the hip, notice how

the motion is dominated by a sinusoidal component with subtle, consistent preturbances

Figure 3.3 shows that when a natural unimpeded gait cycle is being performed, the hip

angle changes in a predictable and repeatable manner. This phenomenon is not limited
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only to the hip angle and can be generalized to the knee and ankle angles as well.
Although there are slight differences in the motion between individuals, the majority of
the motion taking place is similar for each individual during normal gait. Figures 3.4

and 3.5 show the knee and ankle angles for one subject walking normally.
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Figure 3-4: Knee angle, 180 degrees is a straight leg, notice the consistent oscillatory

motion present during normal walking
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Figure 3-5: Ankle angle of a subject during normal walking

The acceleration and deceleration experienced by the body during normal walking is
another similarity found between individual’s gait cycles. This can be seen when
observing normal human gait and can be quantitatively found using a motion tracking
system. This is accomplished by tracking the upper body motion in the sagittal plane
and taking the necessary temporal derivatives to arrive at acceleration. The upper body

acceleration of a subject walking normally can be found in Figure 3.6.
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Figure 3-6: Upper body acceleration of a subject walking normally on a treadmill.
Calculated using the second derivative of the shoulder position measured in the

direction of movement. Notice small acceleration changes present in each cycle

Again, as seen in Figure 3.6, the data shows a repeatable cyclic nature for the subject.
The data shown in Figures 3.2-3.6 demonstrates that a human subject walking normally
experiences a predictable and repeatable cycle of motion. These overall repeatable
motions can be found and measured quantitatively by a motion capture system. Due to
the nature of normal gait, the majority of these motions can be generalized for an entire
population. This is because the complex motion which must take place in each

individual’s gait is governed by the same goals and limitations. Figures 3.7-3.10 found
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below show various descriptors of the human gait for four individuals; these descriptors
are hip angle, knee angle and ankle angle. Two cycles are shown for each individual in

order to show detail of the individual waveforms generated for each cycle.
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Figure 3-7: Subject walking normally with Hip (a), Knee (b), and Ankle (c) angle
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Figure 3-8: Subject walking normally with Hip (a), Knee (b), and Ankle (c) angle
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Figure 3-9: Subject walking normally with Hip (a), Knee (b), and Ankle (c) angle
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Figure 3-10: Subject walking normally with Hip (a), Knee (b), and Ankle (c) angle

As can be seen in Figures 3.7-3.10, small differences between individual subjects and
their gait cycles can be found. However, the overall motion remains similar for each
subject throughout the period of movement as is described above. From this
observation the hypothesis arises that if an individual is walking abnormally the

compensation for these differences will result in a change in the gait cycle. These
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changes result in similar differences to the oscillatory motion that characterizes gait for

all individuals.

3.2 Gait Kinematics during Load Conveyance

Load carrying is a common cause of injuries to the knee and lower back [48, 49,
51]. This has motivated previous studies that characterize the human effects of load
carrying including the effect on gait patterns. According to these studies, the duration
of the double stance increased with increased loads, while the single stance duration
decreased in 10 healthy males [49] and in 15 boys [50]. Significant gait differences
were observed between loaded and unloaded walking. These differences were
dependant on whether the load was a backpack or double-pack. With a backpack load,
forward leaning of the trunk is a natural behavior to help keep the center of mass over
the feet. It was found that the forward inclination considerably increased with load
weight to minimize energy cost [51]. This minimization of energy expenditure resulted
in the decrease of vertical positions at the knee and ankle with the added weight [52].
Several published studies indicated that pelvic rotation reduced and ankle rotation
increased in the sagittal plane under loaded conditions [49, 51]. These studies also
showed that knee flexion after impact was greater when carrying loads in order to
absorb increased impact forces.

Excessive body weight has also been linked to large number of health problems

such as cardiovascular disease, stroke, hypertension, and diabetes as well as numerous
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gait related injuries [53]. A limited amount of work has been done to investigate the
injury related gait kinematics of overweight individuals. The kinematic deviations
include slower velocity, shorter step length, increased double support time, decreased
knee range of motion, and larger ground reaction forces compared to normal weight
individuals [54-57].

Little work has been done to study the effects of external load carriage.
Previous studies focus on external load carriage by normal weight individuals using
mostly linear spatial-temporal measurements such as double stance time, stride
frequency and trunk inclination [75]. Recently, Haddad and Emmerik [59] examined
the intralimb and interlimb adaptations with a unilateral leg load. Continuous relative
phase (CRP) analysis was used to evaluate limb coordination. The advantage of using
phase analysis is that it can convert four variables (two positions and two velocities)
into one measurement. Phase analysis can also be used to show coordination between
two oscillating components [76] which can give insight into the control of a system.
This makes phase analysis very useful for investigating human movement and its
complexity using a reduced set of measurements or metrics. The path length of the
phase portrait has been used to determine the effectiveness of the postural control
system in controlling the lower body stability and steadiness similar to distance
measures of center of pressure (COP) in sway balance control tests [60, 77]. To the best
of our knowledge, gait adaptations due to external loads have not been compared using

measures extracted from phase portraits in order to quantify gait differences.
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Chapter 4: Traditional and Fuzzy Neural Network

Systems for Classification and Prediction

A neural network is a data processing algorithm that consists of a variety of
interconnected processing elements known as nodes. These nodes all work in
conjunction with each other based on a connectionist approach to arrive at the output of
the system. Each node utilizes a relatively simple mathematical processing function
that is used to determine the output of the individual node. This output is then
processed in conjunction with all the other nodes of the network to produce a globally
complex processing algorithm. The figure below shows a conceptual diagram of a
neural network with each node represented as a “black box™ of sorts with some input

that results in an output based on the node’s mathematical governing function.
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Possible Multiple
Hidden Layers

Inputs Outputs

Figure 4-1: Conceptual Diagram of a Neural Network, a number of inputs are fed into
the network, which then pass the data through a number of layers of differing numbers

of nodes to form the final output

These networks vary in complexity from simple single-layer linear networks, which
result in a linear classification algorithm, to very complex multi-layer, non-linear
networks that can classify complex, non-linear systems. Additionally, these networks
can be supervised or unsupervised, that is to say desired outputs can be used to train the
network to give a desired response or the network can determine its own output based
on statistical grouping of the outputs, for more information on neural networks see [8,
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9, 10, 12]. The property that makes neural networks an attractive tool is the ability for
the algorithm to learn from data. This means that a neural network has the ability to
adjust its parameters in order to arrive at an optimal solution [9]. There are a number
of training algorithms available which take advantage of this learning ability [89].
Each algorithm depends heavily on the type of features that are classified as well as the
type of neural network being used. The most common training methods are
evolutionary, simulated annealing, expectation-maximization and non-parametric

methods.

4.1 Construction and Training of Traditional Static Neural

Networks for Classification and Prediction

Of the various forms of neural networks mentioned above, the simplest kind of
artificial neural network is a single-layer perceptron network. This type of network can
be suited to a system by selecting the appropriate training algorithms and architecture.
The basic perceptron consists of one layer of nodes, with each node corresponding to
one input. These nodes make up the input layer of the network. The nodes each
perform their specified function and are summed together. If this value is above a
threshold then the output takes on activation value, if the value is below the threshold
the output takes on the deactivation value. The typical perceptron network is created

by setting the output values of the summed nodes between values of -1 and 1 with the
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threshold for the activation and deactivation states set to 0. However, these values can
be set to any number of specified values. This type of algorithm is trained using the
simplest training method. The individual weights used for the calculations at each of
the nodes are adjusted according the difference between the network’s output value and
the desired output value. The difference between these values is then multiplied by the

input and added to the current weight as shown in equation 4.1.

dw=(t—a)p’ (4.1)

Where dw is the change in the value of the weight, t is the target output value, a is the
actual output value and p is the input value. This is done recursively until the error

falls below a certain threshold.

4.2 Fuzzy Neural Network Construction and Training

While traditional neural networks are adequate for a variety of applications,
fuzzy neural networks provide an additional tool for data analysis. Fuzzy neural
networks operate on fuzzy input values and provide fuzzy outputs. Fuzzy data is not

sharply defined and has a membership function that determines its value.
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4.2.1 Basics of Fuzzy Sets and Functions

“Fuzzy” sets are defined as a set whose boundary is not sharp. A fuzzy set, A,
is characterized by a membership function pa(x) defined on X. X is a conventional set
defined as X = {x}. A set of ordered pairs A = {X, pa(x)}, ¥ € X | where pa(X) is the

level of membership of x in A defined as

Ha: X—[0,1] (4.2)

The fuzzy membership functions (FMFs) of fuzzy sets determine the membership level

based on X. These can be of any form. The most common are triangular, trapezoidal,

sigmoid and Gaussian. Graphic examples of these membership functions are given in

Figure 4.3. An FMF contains a set of parameters that define the shape of the
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Figure 4-2: Examples of fuzzy membership functions, Axis labels

membership function. These parameters are often predetermined based on experience,

knowledge or previously captured data. These values can be updated online to achieve

optimal performance.

A fuzzy system will often have a basic configuration as shown in Figure 4.4. This

structure contains 4 basic elements: a fuzzifier, fuzzy rule base, fuzzy inference engine

and defuzzifier.
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Figure 4-3: Schematic of a Fuzzy System

In this system, the fuzzifier maps the input space to the fuzzy set. The fuzzy set
function is often labeled by variables such as “small”, “medium”, “large”, etc. This
results in crisp input data being converted to fuzzy values. The next element of a
system, the fuzzy rule base, is a set of rules in the form of a If-Then statements. The
collection of If-Then values determine the output value of the fuzzy system. A fuzzy
rule base having M rules would have the following form,

Rj (i=1,2,...M): IF xyis Al;, AND Xz is Alp, AND , ..., xy is Aly

THEN yis B'.
Where X; (i=1,2,...m) are the inputs to the fuzzy system, y is the output variable and Al
B! are values determined by the fuzzy membership functions pa and g, respectively.
The fuzzy inference engine uses fuzzy rules provided by the fuzzy rule base to map the
fuzzy inputs to fuzzy sets in the output space. The final element is the defuzzifier.

This serves to map the fuzzy outputs to crisp values.
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4.2.2 Formulation of Fuzzy Neurons and Fuzzy Neural Networks

A fuzzy neural network uses the basics of fuzzy logic and operations in order to
form fuzzy neurons (FN). These neurons are used to form fuzzy neural networks
trained using traditional neural network methodology. These neurons have fuzzy
neural inputs and fuzzy synaptic weights found using fuzzy arithmetic. Using fuzzy
arithmetic equation 4.3 gives the relationship between the fuzzy neural inputs, outputs

and weights.

¥ = oG wi (e )xg = 1 (4.3)
Where (+) and -} are fuzzy addition and multiplication operations respectively. Fuzzy
neural inputs and synaptic weights are defined in an n-dimensional hypercube in terms

of their membership functions, *: and W:, as shown in equation 4.4.

x= [xg 2, X3 mX,] €[01]7F x =1

w = [wg wy wy ..w, ] e [0,1]"+2 (4.4)

The weights are updated using fuzzy back propagation (FBP) learning. This procedure
is similar to the back propagation scheme used in traditional static neural networks.

Given a set of desired input/output pairs, (x(k),y%(k)) (k=1,2....N), the weights are
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optimized based on the output error. The error function is commonly defined as a

summation of squared errors as shown in equation 4.5.

™

1

B = 53 [#00 -3 =3 ) e20
=1 =1 (45)

Where the output error & is the error between the jth desired output and the jth neural

network output and is defined in equation 4.6.

G=Y —Y; (4.6)

The weights are updated using a gradient technique similar to that of traditional back

propagation learning. The updating formulations are shown in equations 4.7-4.10

below.
wit (k + 1) = sat (w0 + aw P ().t = 0,12, ..psl = 1,2,.0m 4.7)
A — A L2) P I
wiD G+ 1) = sat (w200 +aw, 2 ()] = 012, ...miq = 12,...p 4.8)
Where
1 dE
ﬂ“rf =" (1
w;, (4.9)
And
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e 8E
wi = -1y —
Jq 8 (24

Wiq (4.10)
M1 and Mz are the learning rates for the weights in layer 1 and layer 2 respectively. The
partial derivatives in equations 9 and 10 can be calculated using equations 4.11 and

4.12.

Wy, — Whll, 4. if i=mn

L,
0x; [(1 - ann}a—nlj otherwise where u = u,,

x; (4.11)

= . _
dw; n=2  otherwise

9x; (4.12)

Su Xy —Xply_q.if i=n
~ 1 - wyxn)

4.2.3 Hybrid Fuzzy Neural Network Structure and Training

A hybrid fuzzy neural network utilizes a traditional fuzzy neural network
structure in conjunction with traditional neural layers [127]. For this system, statistical
distributions generated by the boundary point training sets are used are the fuzzifier.
The fuzzy input set contains part-based likelihoods for each of seven different body
segments. The seven body segments are selected for their kinematic importance. These
segments are torso, front thigh, back thigh, front shank, back shank, front foot and back
foot. For each boundary point on the silhouette, the likelihood is calculated for each of
the seven different kinematic families. The Gaussian likelihood function used as the

fuzzifier is shown in equation 4.13.
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p<xi|L>=Wexp(<x—wz-l<x—m) (4.13)

Where L is the part family, X, is the edge point and (%, *) are the parameters of the

distribution for part family L. The parameters for each kinematic family are learned

from manually labeled image sequences. A hybrid fuzzy network architecture is shown

in Figure 4.5.
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Figure 4-4: Hybrid fuzzy neural network architecture



Chapter 5: Description of Vision Operations Used in

Human Visual Analysis Systems

Due to the large amount of information that is provided by image data, many
methods have been developed for visual analysis. The large dimensionality of image
data requires the use of many sophisticated methods. Many of these are based on
features, such as edges, motion fields, such as optical flow, and change detection, such

as background subtraction.

5.1 Image Sequence Motion Field Calculation

Moving objects exist almost everywhere within our world. The nature of the
motion that is occurring in a scene provides a vast amount of information. A measure
of the motion found within an image sequence is known as optical flow [2]. Optical
flow is the measure of three-dimensional motion found within a scene projected to the
two-dimensional image plane. Optical flow is calculated using consecutive frames in a
video [3]. Specifically, this technique yields a velocity field that measures motion
taking place in a camera’s two-dimensional image plane. This is used in a wide variety

of tasks such as video compression, scene analysis, navigation, and three-dimensional
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scene reconstruction [4]. This has been a highly researched area in computer vision for
more than two decades [49]. The earliest research was done by Horn and Schunk [2].
This paper was the most influential research on optical flow computation. It provided
the first real definition of what optical flow was and gave direction on its calculation.
The paper defined optical flow as a “velocity field in an image which would provide a
transformation for one image that would yield the next image in an image sequence”
[2]. This definition provided the ground work for all optical flow research that would
take place from that point on. Many different methods have been developed that
attempt to estimate the optical flow in an image and continues to be a highly researched
topic. Accurate optical flow computation provides a rich source of information
regarding the motion taking place in a scene. This has direct application in the analysis

of human gait.

As described above, there have been many different methods proposed to calculate
optical flow. All of these techniques take into account a number of constraints imposed
on the image so that the image motion can be found within a sequence. The first of
these assumptions is that the intensity values found within an image change only due to
the motion contained within the scene [2]. This embodies itself in the equation of

optical flow found in [2] and shown in equation 5.1.

L(X, y,t)= 1 (X+X,y+&,t+1) (5.1)
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Where I(x,y,t) is the image intensity found at point (x,y) at time t, and
I(x+X,y+dy,t+1) is the intensity at time t+1 found at point (x+ &,y +dy ), with
ox is the displacement in x and 8y is the displacement in y of the pixel. As can be

seen in the above equation, a change in intensity at any point in the image would only
be due to the movement of that pixel from one location in the scene to another location
occurring in the time step of 1. This assumption is often violated in real situations due
to lighting changes, variations due to noise, etc. Other assumptions that are often
applied are related to temporal and spatial changes. Specifically that the motion found
within a scene varies smoothly and gradually. This means that if an object is moving
within a scene neither will it move erratically nor will it move rapidly from one side of
the image to another [3]. The two predominant optical flow calculation methods either
use differential or area matching techniques. Differential techniques use the
spatiotemporal derivatives of image intensity to calculate the motion taking place in the
vertical and horizontal directions. Area based techniques match small areas of an
image from one frame to another to esitmate the motion taking place in the video.

Block matching is the most popular area based motion estimation technique.

Block matching algorithms attempt to estimate optical flow by breaking the image into
many small sections, or blocks. Each of these blocks is used to find where in the
previous frame this image block was located [4]. This location information is used to
estimate the motion for that block. This technique allows the motion estimation of the

sequence to be robust to violations of some common optical flow assumptions.
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Specifically, they allow for the violation of spatiotemporal consistency and constant
intensity. Since block matching techniques do not retain motion information beyond
the current image frame, the temporal consistency assumption is not imposed. The
spatial consistency requirement can be tightened or relaxed by defining the search area
of the block searching algorithm. The constant intensity assumption may be violated
because a block of pixels is being used to search from one image to the next in the
sequence. This means that an overall correlation measure can be used to match the
blocks of pixels instead of searching the image for a specific intensity value. This
makes block matching algorithms more accurate for real image data. These properties
make block matching algorithms an ideal search technique that accounts for the errors

associated with gait analysis.

Since the early development of block matching algorithms, many techniques have
been proposed to increase the accuracy and the efficiency of the system. Since the
middle of the 1980’s block matching algorithms have been developed to estimate the
motion found within a scene. The first step in the development of these algorithms is
defining a cost function that measures the match of a current block to a block found in
the search pattern. Cost functions vary in computational complexity and accuracy.
The two most popular cost functions [3] are the mean absolute difference as given in

equation 5.2.

IC; —Ry| (5.2)
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And the mean squared error as shown in equation 5.3.
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NZ 2 (Cij - Rij)2 (5.3)

Where N is the length of one side of the block, C; and R; are the pixels being

compared within the current and reference block. An error based cost function is more
robust then a statistical matching scheme due to the fact that a block can contain
different parts and orientations of an object from one image frame to the next. An
example of this would be the leg movement of a subject while walking, a block
containing a portion of the leg and background in one frame, will most certainly
contain a different part of the leg in the next frame when the leg rotates around the hip.
This is illustrated in Figure 5.1. This will cause errors at edge boundaries of objects
that are deformable or rotating. These errors can result in statistical block matching

errors.

Figure 5-1: Example of block matching errors at the boundary of a

rotating object
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A statistical match of the block from one frame to the next would not be able to
account for this rotational movement because the statistical matching criteria accounts
for noise in the image and not errors due rotation and deformation. Because of this, an
error term cost function is found to be more effective when used on scenes containing
With a cost function defined, the next step in the development of a block matching

motion estimation algorithm is the definition of the block size and search criteria.

The block size is typically tailored to the specific application for the motion estimation
scheme. Larger blocks yield more accurate motion estimations for large objects
moving within the scene, but have poor motion resolution. Smaller blocks yield denser
motion estimation fields, but can be inaccurate if the size of the block is too small. For
most applications, a block size of 16x16 is used [4] to provide a large enough sample of
pixels to reliably match blocks and provide a sufficiently dense motion field. However,
the block size must be tailored to the specific application, hardware and algorithm. In
addition to block size, a search window size must be defined. This is application and
algorithm dependent. A larger search window increases the computational cost of the
algorithm while allowing for larger motions, but can lead to violations of the spatial
consistence assumption. A smaller search window size reduces the computation time.
However, motions larger than the search window can not be estimated. The search
window parameter must be selected so that it is large enough to calculate desired
motions, but not so large as to provide unnecessary computational burden. The next

aspect of block matching algorithms is the block searching technique.
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The first and most basic of these algorithms is the Exhaustive Search algorithm. As
the name implies this is the simplest and most accurate of the block matching
algorithms. This technique involves calculating the cost of a block of the reference
image at all points in the search window of the current image (next image in the
sequence). This yields the best possible match that a block in the reference image can
obtain using the given cost function. Beyond the exhaustive search method, many
different algorithms have been developed that search specific points within a search
area instead of all possible points. These algorithms are more efficient due to the
reduced number of search points, but can introduce a large amount of error in the final
motion estimation. The most popular search algorithms developed during the last two
decades are Three Step Search, New Three Step Search, Simple and Efficient Search,
Four Step Search, Diamond Search, Adaptive Rood Pattern Search, the Cross Diamond
Search [4]. Each of these search methods attempt to maximize computational
efficiency while minimizing error. The only algorithm discussed here in detail is the
Adaptive Rood Pattern Search. Details on the various additional search methods can be
found in [4] and [5]. The Adaptive Rood Pattern Search takes advantage of the fact
that the majority of motion taking place within an image sequence is usually coherent
from block to block. That is to say that if one block moves to a location it is highly
likely that a block located close to it moves the same way. This search algorithm uses
the motion of the block located to its left to predict the motion of the current block.

This predicted motion location is the first point searched by the algorithm, after
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searching this point, a rood pattern of distributed points is searched [4] as shown below

in Figure 5.2.
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Figure 5-2: The search pattern for the Adaptive Rood Pattern Search for a block size of
8x8 pixels (block boundaries shown as red lines), where the green arrow is the previous
block’s motion vector, the step size is the maximum value of the motion vector in any
one direction (16 pixels in this case), the blue point is the current block location in the

previous frame and the light blue points are search pattern points

The step size of this search is determined using equation 5.4.
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s = Max(x|,|¥|) (5.4)

Where X is the x-component of the predicted motion and Y is the y-component of the
motion vector. Upon searching each of the five points defined above, the point with
the best match is set as the origin for the subsequent search operations [4]. The next
operation is a small diamond search around the point chosen above. This is not done if
the point chosen above is found to be the current location of the block. The small

diamond search pattern is shown in Figure 5.3.
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Figure 5-3: The Small Diamond Search Pattern

This search pattern finds the point that yields the lowest value of the chosen cost
function and sets this point as the origin for the next small diamond search. This

process is repeated until the point yielding the lowest cost is found to be at the center of
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the small diamond search pattern. This is the most efficient of the search algorithms
because it takes advantages of information found in the adjacent block motion in order

to calculate the motion of the currently searched block.

5.2 Image Background Subtraction and Subject Silhouette

Generation

In addition to temporal data, spatial information provides a large amount of
information for human gait analysis. Spatial analysis comprises a vast majority of the
computer vision field and includes image filtering, edge detection, background
determination, and shape analysis [3]. Spatial image data is used in many different gait
analysis applications [6]. For many years spatial data has been used to develop
biometric gait identification systems [6]. The main types are background extraction
and shape analysis of binary silhouettes. To find a silhouette of the subject,
background extraction is done to separate the complex background from foreground

objects.

Background extraction consists of removing any objects not of interest in the scene
from an image. In human gait analysis, the foreground objects of interest are human
subjects and the background is defined as anything which is not part of or attached to

the subject. Background can consist of any number of stationary or moving objects
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which all have a wide variety of intensity values. An example of a complex scene can

be found below in Figure 5.4.

Figure 5-4: A background containing different objects

Background determination is typically accomplished by comparing an image to a
model of the background. This is done in a number of ways. The simplest of these is
to use a single frame where only the background is present and subtract this frame from
the current image. This leads to a subtraction that does not adapt to background
changes or noise in the image. This results in a high number of false positives. An
alternative approach is the use of statistical background models. An average of
background frames is used to create a model of the background that accounts for image
noise. While this model provides robustness to noise, it still does not allow for
background changes and results in a high number of false positives. Another type of

statistical background model is one that constantly updates the background using
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incoming images. While these methods allow for global image changes, such as those
due to lighting, they are not robust to small movements in the background, such as a
tree branch blowing in the wind. A background extraction method that uses non-
parametric statistics can create models that account for all of the above errors [13].
These models allow for adaptation to small background movements, such as those
found in an outdoor scene, and provide a more accurate method of comparison between

a given image and a background model.

The majority of testing in this work used a static background. However, a background
model that can account for changes, such as lighting and small background movements,
is very important when utilizing a system in uncontrolled environments outside of a
laboratory. Robustness in a variety of applications and situations is why statistical
background determination schemes are so desirable. The probability that a given pixel
is part of the background can be accurately calculated by these models. This
probability is then compared to a threshold value. If the calculated probability is below
the threshold, then the pixel is determined to be part of the foreground. If the value is

above the threshold, the pixel is part of the background.

5.3 Spatial Models for Human Activity Analysis

Spatial model based systems rely on a graphical representation of a human

subject that is fitted to observed images. Graphical models used in these systems vary
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from simple “cardboard” models that represent each body part as a simple shape to
more complex systems, which model the shape of different body parts and allow for
deformation throughout the course of locomotion. Once created, these models are fit
to an observed image. An image is searched for each pose of the model and the pose
that results in the minimum error is the configuration of the observed subject. There
are two main features that are used to fit a model to an observed image. These features
are edges and image texture. In the case of edge features, the model consists of an

array of edges which represent the human body as shown in Figure 5.5.

Figure 5-5: Edge based human model
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Models that use image texture are more complex, they rely on colors and patterns of the
image to fit the model. These can be based on previous images in the sequence, a
texture normalized image or the by an appearance model. The most commonly used
example of texture based models is those that match regions of exposed skin to
locations that are assumed to be uncovered (ie. a subject’s face). An advantage of
texture model based systems is that background extraction is rarely performed on the
input images. Because of this, these systems are often used in order to indentify human
subjects located within a scene as well as the pose of a subjects. More information on

human detection in images can be found in [6, 27, 92].

Many systems use frame to frame information to further increase the accuracy of model
fitting. There area many types of temporal models. The majority of these models
focus on a sequence of poses that take place during gait motion. The sequence is
learned from exemplar or model data and used to create a system that predicts the next
pose given the current pose. Many temporal models use Hidden Markov Models
(HMMs) or joint trajectories to predict the changes in a subject’s pose during

locomotion.

When combined, spatial models used to find a subject in the frame and temporal
models used to predict the pose in future frames is an efficient way of estimating a
subject’s joint kinematics. Many of these systems use a spatial model to find a “key”

frame in an image sequence. This usually corresponds to an easily recognizable part of
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the gait sequence, such as the point where the feet are furthest apart. Once this key
frame is identified a temporal model is used to generate the pose and of the subject in
the next frame. The spatial model can then be further fit the image. These types of
systems attempt to capitalize on the strengths of both methods to maximize the
accuracy and robustness of the system while minimizing the computational time

required.

5.3.1 Description of the Major Types of Spatial Models Used in

Human Visual Analysis

As mentioned in the previous section, spatial models attempt to fit previously
defined models of human appearance to observed image data. This can be
accomplished using a variety of methods. The main types of models used in current
research are cardboard, silhouette and part based models. Each of these models attempt
to create a simplified representation of the human body to easily and accurately find the
location of key body parts in an image. Of the three main types of models, the simplest
is the cardboard model. It is referred to by this name because it represents each body
part as a simple shape such as a rectangle or trapezoid. An example of a cardboard

model is shown in Figure 5.6.
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Figure 5-6: Cardboard human model

A slightly more complex model is a silhouette model. This model is built using either
exemplar silhouettes or from synthetic data generated by motion capture. These
models provide a better fit to image data at the cost of more complex model generation.
These models need a large number of exemplars to accurately determine a silhouette’s
change in shape throughout an image sequence. The increase in data required to
accurately model an observed subject is much greater than that of a simple cardboard

model. An example of a silhouette model is shown in Figure 5.6.
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Figure 5-7: Sequence of a silhouette model

Part based models vary from a simple collection of cardboard model parts to extremely
complex deformable models that are governed by physical constraints of human
physiology. These models are fit to specific areas in an image that correspond to a
specific body part. These can either be fit based on image location or the location of

previously fit portions of the model.

5.3.2 Methods Used to Fit Spatial Models to Image Data

Once the model type has been chosen, the model must be fit to observed
images. Many different model fitting techniques have been used. The most commonly
used techniques are based on edges or texture regions. The types of fitting systems are
determined by the type of model used and the desired search space. Typically, the
model is placed at a region in the image and the degree of match for that region is

calculated. This is repeated for each region of the image and the region that yields the
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best match is the area in the image that contains the model. A popular method used for
edge model matching is the chamfer distance transform (CDT) [264]. In this technique
the edge image is transformed to an edge energy image. This is an image in which
each pixel location takes a value that is its distance to the closest edge. An example of

an edge energy image is given in Figure 5.8.
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Figure 5-8: Edge energy image

Next, the model is placed on the edge energy image and the sum of the energy at each
model point is used to determine the level of fit. This is repeated for each position in
the image. Another method that is used to fit a model to an image is texture fitting.

This is used with color or monochrome cameras. These systems use a known
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appearance model to find its location in an image. While this can result in better
accuracy than edge based methods, the appearance of individuals outside of a
controlled setting is often unpredictable and difficult to model. These systems can be

used in conjunction with an edge based system to reduce the error of the model fitting.

5.3.3 Temporal Based Methods for Fitting Human Spatial Models to

Image Data

Currently many model based method use temporal fitting methods in addition to
spatial model fitting. These are used for tracking as well as improving the accuracy of
the pose estimation through image noise and subject occlusion. The most popular
techniques used for incorporating temporal restraints onto spatial model fitting methods
are Hidden Markov Models (HMM) [78] and statistical models [164]. Each of these
methods attempts to fit the spatial model to consecutive images or fit the spatial model
to the entire gait sequence at one time.

Hidden Markov Models can be used to fit a spatial human model to consecutive
frames by assuming that in each frame the observed configuration of the subject is a
"state™ in the HMM. These "states™ are determined a priori based on the human gait
cycle. For each frame, the previous configuration is used as the previous state and the
pose in the current frame is then estimated used the state transition probabilities of the

HMM. A visual example of this process is shown in Figure 5.8.
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Figure 5-9: Hidden Markov Model for gait sequence, figure taken [78] Z. Zhou et al.

2006

As opposed to the HMM approach of estimating the pose for the next frame based on
the current frame, a statistical approach attempts to fit the model to an entire section of
the image sequence simultaneously. This involves estimating the model positions at
each frame in the sequence by maximizing the likelihood, or posterior, of the statistical

model over the entire section of the sequence. This is accomplished by finding which
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group of model terms yields the highest probability according to the chosen statistical

model. An example of such a statistical model is given in equation 5.5. The

P(X,Y|I) e P(|X YIPX|YIP(Y) (5.5)

terms of the model are often learned from exemplar data. Additionally, a Bayesian
approach can incorporate a prior distribution, based on previous experience or expert

opinion that can further improve the accuracy of the model.

5.3.4 The Limitations of Spatial Model Based Human Activity

Analysis Systems

Spatial model based systems are the most popular type of system used for
human visual analysis but they have some serious limitations. The first of these is that
spatial model matching is often inaccurate due to the presence of edge noise, missing
parts of a contour and/or a high dimensional search space. These errors are often
enough to make pose estimations inaccurate. To compensate for these errors, temporal
based modeling systems are used in conjunction with traditional spatial modeling
systems. Although these algorithms greatly improve performance, they are limited in
that they can only analyze normal human movement and often times force all motion to

fit into a "normal” walking model. These models limit the capability of such systems
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to distinguish between speed differences, motion differences and stride to stride gait

deviations.

5.4 Temporally Based Systems for Human Activity Analysis

While spatial model based systems might rely partially on temporal
information, temporally based human pose estimation systems rely solely on time
information to estimate the pose of an observed subject. These methods fit the entire

motion to a known manifold or trajectory model.

5.4.1 Manifold Based Methods for Activity Recognition, Viewpoint

and Pose Estimation

Manifold methods rely on dimensionality reduction techniques to break down
an image sequence of human movement into a low-dimensional representation. These
methods operate under the assumption that human gait lies on a one-dimensional
manifold that is embedded in a three dimensional volume of high dimensionality [79].
These systems are used for view determination [235], view synthesis [79, 235] and
human identification [79]. These systems utilize a number of non-linear dimensionality
reduction techniques to obtain a manifold. These techniques take an image sequence,

| e {nxmxF}, and reduce it to a manifold of size M{d x F}, where F is the number of
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images in a sequence, n x m is the size of each individual image and d is the desired
size of the manifold space. These methods attempt to optimally determine a function
that best maps the information contained in the image sequence to the desired size of
the manifold space. The motion manifold is then used to classify observed motions.
The primary methods of dimensionality reduction are locally linear embedding (LLE)
[267], Probabilistic Principle Component Analysis (PPCA) [269] and Gaussian Process

Latent VVariable Models (GPLVM) [268].

5.4.2 Kinematic Trajectory Methods for Human Pose Estimation and

Tracking

Trajectory methods attempt to fit motion information obtained from an image
sequence to trajectories that are created by certain parts (joints, arms, etc.) of an
observed subject’s body. The trajectory information is obtained either through
exemplar data or through a kinematic model. The trajectory information for the image
sequence is used to find the pose of the observed subject in each individual image
frame. These types of systems require that the image motion field, or optical flow, be

calculated prior to analysis.
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5.4.3 Problems Associated with Temporally Based Human Analysis

Systems

Many motion based methods estimate a subject's pose in limited situations to an
acceptable degree. However, like many model based human analysis methods the
observed motion must be the one that is modeled by the system. This means that if a
subject is running and the system does not have a model for running motions, the
system will fit the observed motion to a known model. This limits the ability to
analyze unpredictable motion. Additionally, the calculation of image motion is often
time consuming and prone to errors. Another issue with temporal based methods is
that they must be initialized before analysis. This means that all motion must be
analyzed from a specific starting and end point. An example of this for gait would be
left heel contact to left heel contact. A problem unique to manifold methods is that
they do not generalize to novel image sequences. This makes them incredibly sensitive

to image changes such as lighting, shifts, rotation and scale.
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Chapter 6: Abnormal Gait Detection and

Classification Systems

A system that can determine whether an individual is walking normally or
abnormally is a valuable first step in many high level gait recognition and classification
systems. This information can be used to quickly and accurately determine whether a
subject is walking normally and can further be analyzed by the system. Such a

preliminary analysis system consists of five stages:

1) Acquisition phase

2) Background Processing
3) Foreground Operations
4) Motion Determination

5) Analysis

Each of these stages is discussed in detail in the following sections.

6.1 Image Acquisition

The acquisition phase consists of taking images of the scene and processing

them so that they may be analyzed. For this system, an Imaging Source DMK21AF04
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CCD camera is configured to collect video at 30 frames per second with a resolution of
640x480 pixels per frame. A manually adjusted lens in used for focusing and zooming
of the camera to maintain versatility. A manually adjusted lens is chosen instead of an
automatic focus lens to preserve frame to frame consistency. This is important in any
video analysis system as automatic zooming and focusing can change aspect ratios and
cause large differences in measurement. To connect the camera to the video
acquisition system an IEEE-1394, Firewire, interface is used. The video acquisition
system used is a standard desktop PC, with Matlab’s video acquisition toolbox used to
interface the computer with the camera. Matlab is used to acquire and process video

for all levels of this system.

6.2 Image Foreground Determination and Subject Silhouette

Generation

Foreground determination is the first step in the processing of video data for
this gait classification system. To determine which parts of the video are foreground
and which are background, a preliminary background determination step is completed.
This is done using a non-parametric background extraction scheme similar to that
discussed above in section 2 of chapter 5. The background is modeled using a selection
of background frames that do not contain subjects. This is done because a limited

number of frames are taken, roughly 100 per subject. This is an insufficient number of
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frames for online background extraction. Due to this limitation, the background
extraction method used accounts only for the noise present due to the video acquisition
system and environmental changes. Slight modification of the algorithm can be used to
adapt the system to larger outdoor scenes where such limitations are not practical. The
first step in this background extraction algorithm is determining which frames should
be used to build the background model. For this system the first 30 frames of every
video sequence are used because they do not contain a subject. The standard deviation
of each individual pixel is found using the training frames. The standard deviation for

the overall image is found by using equation 6.1.

ot =[x 62

f=1

Where

afj - variance of pixel (i,j)

N — total number of frames used for standard deviation calculation
f — the current frame number

X - mean pixel value over N frames at pixel (i,j)

The pixel variance is then used to find the overall background variance.
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Where
o - pixel wise average image standard deviation
¢ — number of pixels per column in the image

r — number of pixels per row in the image

With the pixel wise standard deviation for the video known, a test to accurately
determine the portions of an image that are statistically different from the background

is performed. The test that is used in this implementation is taken from [6] and is

shown in equation 6.3.

Pr(xt)=%ZN‘, L o7 o (6.3)

Where

Pr(x, ) - probability that pixel t is part of the background
N — number of frames used for the background extraction
o? - pixel wise image variance

X, - intensity value of pixel t

X; - intensity value of pixel in background frame i
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The pixel is determined to be foreground if the probability value is below the threshold
value, th. This threshold value is adjusted depending on the video data being
processed, for this system a threshold value of 5 is chosen based on experiment. The

effect of different thresholds on the number of false positives is shown in Figure 6.1.

(b) (c)

(d) (f)

(9)

Figure 6-1: Results of the non-parametric background extraction algorithm, (a) shows

the original image while the remaining images are results of the background extraction
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algorithm with the threshold set at (b) 0.05, (c) 0.10, (d) 0.50, (e) 1.00, (f) 2.50, and (g)

5

There is a distinct difference in the output of the algorithm based on the threshold
value. This threshold value does not relate to the traditional values of statistical
probability which rely on an assumption of the normal distribution. Because of this
and the figures shown above, the threshold of 5 iss chosen to minimize the amount of

false positives and increase the accuracy of the foreground detection algorithm.

Once the background has successfully been extracted from the input frame, additional
steps are needed to determine the foreground regions. While this step may seem
unnecessary, often binary information given from background extraction can contain
false positives and false negatives. These errors are overcome using the following
steps. First, the pixels within the foreground are set to a value of 1 and all others are
set to a value of 0. This creates the initial binary silhouette. Next, binary dilation and
fill operations are performed to compensate for false negatives. Dilation is the process
of gradual enlargement of an image that serves to fill small gaps in a silhouette. This is
accomplished by placing a structuring element over each of the pixels in the image. If

any foreground pixels in the image correspond to those of the structuring element then
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that pixel is set to a value of 1. The structuring element used for this operation is

shown in figure 6.2.

Figure 6-2: The 5x1 structuring element used for dilation operations

More information regarding dilation operations on binary images can be found in [9].
The next operation is the binary filling operation. This process involves “filling” in all
regions that are completely surrounded by the silhouette. This serves to make the
silhouette more coherent. An example of the fill and dilation operation being

performed is shown in figure 6.3.
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Figure 6-3: An example of a binary silhouette generate for use with the gait
classification system, (a) is the binary silhouette after background extraction and
application of a binary threshold, (b) shows the same silhouette after performing a

dilation operation (c) is after performing a fill and dilation operation

6.3 Joint Angle Estimations from Silhouette

With a reliable silhouette of the subject established, the next stage of the system
processes the binary data to generate features. The first is the centroid of the binary

silhouette. This provides information on how the overall subject is moving in time as
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well as an approximate location of the hip. This is used to determine where other parts
of the body lie in the binary image. Traditionally the centroid of an object is found

using the following equation.

(6.4)

Approximations of the centroid are used in this system to reduce the computational
complexity of the algorithm. The centroid of the silhouette is approximated using two
different methods, one uses the average of all the boundary locations and the other
calculates the centroid using the entire area encompassed by the silhouette. While both
methods yield similar results, the method using area is more consistent with the
location of the hip. The method utilizing boundary locations is done by finding the
boundary of the silhouette in the binary image. This is done by using Matlab’s
bwboundaries function which traces all objects found within a binary image and stores
their boundary locations in a unique cell. The next step is to remove all boundary
locations of objects which are smaller than a specified threshold. This accounts for the
presence of false positives in the background extraction process. The boundary
locations are averaged in the horizontal (x) and vertical (y) direction to yield the
centroid location. This method is more robust to the presence of false positives, but
can lead to a less accurate estimate. A flow chart of the above method is found in

figure 6.4.
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Figure 6-4: Flowchart of operations to approximate centroid location using boundary

positions

The second method uses the entire area of the silhouette found in the background
extraction process to calculate the centroid. This is done by searching the entire binary
image and recording the horizontal, x, and vertical, y, location of foreground objects
(1’s in this case). The locations in x and y are then averaged respectively to yield the
overall centroid location. This method is robust to the presence of false negatives, as
described above, because all foreground objects are taken into account. The method is
somewhat robust to false positives because the size of the subject’s silhouette is very
large when compared to false positives generated by the background extraction process.
Figure 6.5 below shows the centroid location of a subject using both of the above

described methods.
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Figure 6-5: A binary silhouette with a relatively low noise level, the ‘X’ is the centroid
found using the entire area of the silhouette and the square is the centroid found using

the boundary method
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Al sano.

Figure 6-6: A binary silhouette with noise and false positives, the ‘X’ is the centroid
found using area and the square is the centroid found using boundary position. Notice

how little difference the false positives make in the location of the centroid

As can be seen in Figure 6.5, the centroid calculated using the entire area yields a result
that is much closer to the hip. The next step in the process is finding the location of the
feet. The centroid of a foot will provide an approximate location of the ankle. This
position is then used to estimate the hip angle. This location is found in much the same
way as the entire silhouette’s centroid except the area used for the calculation is
limited. The search area chosen is based on the limitation of movement during gait.
The search area for the rear foot is located behind the body’s centroid 150 pixels and up

60 pixels from the floor. The search area for the front foot is located 150 pixels ahead
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of the centroid and up 60 pixels from the floor. The search areas are shown in the

superimposed boxes in Figure 6.7.

Figure 6-7: Search area for foot centroids superimposed on a binary silhouette

As can be seen in the figure the search area encompasses the feet, but does not include
a large amount of any other part of the subject’s body. The centroids of the feet are

shown as ‘X’s in Figure 6.8.
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Figure 6-8: Foot centroids shown as an ‘x’ superimposed on a binary silhouette

The resulting foot centroids give a good approximation of the ankle location of the
leading and trailing foot. The foot centroid locations are used in conjunction with the
body centroid to approximate the hip angle. This is done by utilizing the rule of sines

as shown in equation 6.5.

2 2 2
®=cos 2 HC =& (6.5)
2bc

Where
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® - hip angle

a,b,c — vertices of the triangle

While this does not provide an exact measure of the hip angle, it does provide a good
approximation to the actual hip angle. The centroid locations are connected and

superimposed on the binary image of the subject’s silhouette in the figure below.

Figure 6-9: The binary silhouette with foot and body centroids superimposed as red
circles and a red square respectively. The line segments used to estimate the hip angle

are shown as green lines.

100



The time history of the hip angle measurement found for a normally walking subject is
shown in Figure 6.10. Although the hip angle is not exact, it does provide a repeatable
measure of how the feet move underneath the center of the body. A similar procedure
is used to provide a measure of the torso angle of the subject. This is done by
calculating the angle between the highest point on the silhouette and the body’s

centroid. The points used to calculate the angle are shown in Figure 6.11
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Figure 6-10: Hip Angle in degrees plotted versus time for a normally walking subject

taken from video
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Figure 6-11: The centroid for the body and the top of the head are shown above as a red

square and red circle respectively, the line segment shows the segment used to find

The final values calculated using the silhouette are the height of the subject, the stride
length, and max stride length. The height of the subject is approximated by taking the
highest point found in the silhouette at a given time. The stride length is found by
taking the difference between the point on the silhouette with the highest and lowest
value in the horizontal direction. The max stride length is the maximum value of the
stride length over the gait cycle. The points used to find the height and stride length are

shown in figure 6.12.
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Figure 6-12: The point that is used for approximate height is shown as a red square and
the two points used to calculate stride length are shown as red squares, both are

superimposed on the binary silhouette which was used to calculate the values

6.4 Subject Motion Estimation from Image Sequences

In addition to spatial, information, motion provides another layer of descriptors
that can be used to classify gait. Motion information is calculated from a video
sequence using a block matching motion estimation scheme. The type of motion

estimation scheme used allows for quick estimation of all motion within the scene. An
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example of the layout that is used for testing of the system is shown in figure 6.13,
where the optimal plane for proper motion estimation is labeled in relation to the

camera’s position.

Image plane for proper motion estimation
]

Camera

Figure 6-13: Overhead view of how the camera is setup for image capture

If motion does not take place in this plane then the motion calculated is no longer
accurate, but is a projection onto the image plane. This does not directly equal the
motion calculated for the proper plane. However, the motion could be transformed to

the proper plane if the plane of the observed motion is known.

With motion known to be taking place in the proper plane within the scene, a block
matching scheme is then utilized to estimate motion. As mentioned in Section 2 of

Chapter 5 there are many different features that can be chosen in a block matching
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scheme. The first of these features is the cost function utilized by the search scheme.
In Chapter 5 two of the most popular cost functions were described; Mean Absolute
Difference and the Mean Square Error. Both of these functions are computationally
efficient, yet still provide a significant measure of how well two blocks correlate to
each other. For use in this algorithm, the Mean Absolute Difference function is chosen
due to its simplicity and computational efficiency as compared to the various other cost
functions. Figure 6.14 shows two quiver plots of the motion calculated using two

different cost functions.

(b)

Figure 6-14: Quiver plots of the motion information overlaid on the images from the
video sequence, (a) shows the motion calculated using a Mean Absolute Difference and

(b) is calculated using a Mean Square Error
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With a cost function defined, the next feature to be chosen is the search algorithm. In
Chapter 5 the most popular searching schemes were briefly discussed. To choose an
effective algorithm for use in this system, various search algorithms were tested.
Conceptually, the motion taking place in the subject’s sagittal plane during normal
walking is that of translational motion through the frame, this largely takes place in the
upper body, and the rotational motion of the legs pivoted at the hip. Taking this
knowledge into account, it would seem that search schemes which utilize a diamond
type search pattern would be the most effective. Two different search schemes are test,
the Diamond Search and Adaptive Rood Pattern Search. Additionally, the exhaustive
search algorithm is used to provide a baseline of performance. The exhaustive search
algorithm provides a “best case” for motion estimation when using block searching [1].
While accuracy is of paramount importance, computational efficiency is also a concern.
With this in mind the number of computations, as measured by number of iterations
needed for each frame, is also computed for the three search algorithms. The motion
found using the three algorithms is shown in the quiver plots found below. The motion
vectors are overlaid on the original frame. The motion is found using four consecutive
frames taken from a video of a subject walking normally. The video is taken using the

camera described in section 1.
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Figure 6-15: The figure shows three consecutive frames (a, b, c) taken from a subject
walking normally; the motion estimation is calculated using an Exhaustive Search
block matching algorithm, the motion for each block is plotted as an arrow overlaid on

the frame of the video, notice the large amount of errors

(b)

Figure 6-16: The figure shows three consecutive frames (a, b, c) taken from a subject
walking normally; the motion estimation is calculated using an Diamond Search block
matching algorithm, the motion for each block is plotted as an arrow overlaid on the

frame of the video, notice the large amount of errors
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Figure 6-17: The figure shows three consecutive frames (a, b, c) taken from a subject
walking normally; the motion estimation is calculated using an Adaptive Rood Pattern
Search block matching algorithm, the motion for each block is plotted as an arrow

overlaid on the frame of the video

The above motion estimations are very close to one another, however, a more
quantitative measure of the accuracy of the search schemes is desired. To accomplish
this, the peak-signal-to-noise ratio is calculated for the motion compensated image as
described in [1]. The motion compensated image uses the motion information to
construct the next frame in the video sequence. The error between the actual and

motion compensated image is then calculated. This is done by using equation 6.6.

PSNR =10log [(pN )2} (6.6)
1 MSE '

where the MSE is calculated as
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m n

MSE =>">"(1(i, j)-M, j)) (6.7)

i=1 j=1

and
p, - peak pixel intensity in the original image
| — original image
M — motion compensated image
m — number of pixels in x direction

n — number of pixels in y direction

The peak-signal-to-noise ratio found for the image sequence used above and the three

search methods chosen for analysis is given below.

109



(W3]
]

37 E i
= 3B B
£ — ARPS
& e DS
£ B Es |1
f:;
=
S, 341 .
-

'
@
o 33

32

31 1 \T 1 1 1 1 1 1 1
1 2 3 4 5 B 7 g 9 10 1

Frame Number

Figure 6-18: Plot of the peak signal to noise ratio for the three search methods,
Adaptive Rood Pattern Search (ARPS), Diamond Search (DS) and Exhaustive Search

(ES)

A comparison of the computational efficiency for each algorithm is shown in figure

6.19 and figure 6.20.
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Figure 6-19: Plot of the required number of computations for each search method to

arrive at its respective motion estimation for each frame
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Figure 6-20: Plot of the required number of computations for ARPS and DS search

methods to arrive at their respective motion estimations for each frame

As can be seen in the above figures, there is a large difference in the computationally
efficiency of the three algorithms. The Adaptive Rood Pattern Search algorithm is by
far the most efficient of the search schemes, requiring roughly 20 times less iterations
than the exhaustive search method. Additionally, the peak-signal-to-noise ratio of the
Adaptive Rood Pattern Search algorithm is only marginally lower than that calculated

for the exhaustive search method.
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The next step is to select the block size as well as the size of the search pattern. The
search pattern must be selected so that it is large enough to capture all motions taking
place in the video. However, a larger search pattern also results in a computationally
expensive algorithm, so care must be taken to not set the search pattern to large. From
observation of normal human gait, a search pattern of 25 pixels is chosen. The block
size determines how accurate the motion estimation operation is and determines the
motion resolution. A larger block size will provide more information for the block
matching algorithm, but objects and areas moving within the scene that are smaller than
a block cause errors in the motion estimation. Additionally, a smaller block size causes
the algorithm to perform more searches over the image space which makes the
algorithm computationally inefficient.  Taking these factors into account and
researching current motion estimation systems used for MPEG-4 encoding [9] a block
size of 8 is chosen. This provides a sufficient amount of motion resolution while still

providing a reasonably accurate and efficient block matching algorithm.

6.5 Fusion of Motion Estimation and Silhouette Generation

Algorithms

With all information gathered by the system thus far, an efficient fusion of all
the above techniques, background extraction, foreground determination and motion

estimation is performed. Each method should not operate individually when
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information could be passed from one algorithm to another to create a more efficient
system. Foreground areas determined in the previous steps of the system are used to
limit the search area for the motion estimation algorithm. This reduces computational
time and also reduces errors associated with edge regions typically found when using

block matching schemes.

(b)

Figure 6-21: The result of algorithm fusion for this system, both images have the
associated motion information superimposed, (a) is the algorithm used in the system

and (b) is the traditional ARPS algorithm

In the implementation of this system, the foreground location is passed to the motion
estimation algorithm. This information is used to define a search area of the image.

This eliminates search operations where no foreground object exists. Due to these
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improvements, the motion information calculated from the video sequence is much
more accurate.

An additional operation carried out on the motion data is windowing. This centers the
subject in the image for each frame. This way all motion of the subject is calculated
relative to the upper body. This allows motion of a specific region or part of the body
to be analyzed solely on its relative motion and eliminates the effect of translational
body motions. A number of variables are used to accomplish this, including stride
length and centroid information. The window is created using the entire height of the
frame, but is limited in the horizontal direction by maximum stride. This allows all
motion taking place in the scene for a given subject to be wholly contained by the
window. Next, the location of each of the motion vectors so that they will only move
spatially in relation to the upper body in the windowing frame is done. Using the
centroid location of the subject for each frame an offset is calculated to shift the entire
subject’s body into the space of the window. This is done by finding the difference
between the subject’s centroid and the center of the window then setting the value of
the offset to this difference. This offset value is then added to the location information.
Resulting from the operation is a video sequence consisting of motion vectors that
move in relation to the centroid. A block diagram of the system operations up to this

point in the processing is shown in figure 6.22.
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Figure 6-22: Flow chart of the operations performed by the system to form descriptors

of human gait

With all of the above information complied, the next step of the system is to analyze

the processed data so that classification of the gait as normal or abnormal can be done.

6.6 Classification System for Normal Gait Determination using

Image Sequences

Once all the descriptors of the subject have been calculated and complied by the
system, the next step is to accurately determine if the subject is walking normally.
There are a variety of steps taken to analyze this data. The recognition scheme consists
of feature generation and selection as well as classification scheme. Each of these

determines the effectiveness of the overall pattern recognition system.

116



The first step to select the classifier. Of the many types available, the perceptron
neural network algorithm is chosen. This is chosen based on its simplicity, ease of
implementation and ability to be trained using actual data. The perceptron algorithm is
described in detail in Chapter 4. The next step in the design of this algorithm is feature
generation. Since the data gathered from the system is almost entirely vectors, the data
must be dimensionally reduced so that it may be used in the pattern recognition
scheme. A comparison between the observed data and normal gait is needed. To
provide an accurate measure of how well an incoming signal correlates to a normal
walking signal, the incoming signal is compared to normal walking signals. The
similarity values generated for each of the normal signals is averaged to form the
similarity measure. Three types of signal quantification are tested for use with this
system, cross-correlation at zero lag, correlation coefficient and error between the two

signals. The error term used is shown below.

[ (X, ~N,)%dn
J;N NZdn

(6.8)

where
X, - n™ point of the incoming signal
N, - n™ point of normal signal

N — total number of points in the signal
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Each of these methods is tested using a set number of features in the perceptron
architecture. This suboptimal search method is used because it is difficult to estimate
the effectiveness of the final classification system using seperatability criteria when a
large number of features are used [8]. An example of scatter plots is shown for two

feature values generated using the correlation coefficient.
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Figure 6-23: Scatter plots of feature values for use in the classification system, (a)
shows a plot of Upper Body Y Vector vs Centroid X Position and (b) shows Hip Angle
vs Upper Body X Vector. The blue stars represent normal walking data and the red x’s

represent abnormal walking data. The most effective way to compare data sets is two
at a time since the final perceptron will create a hyperplane between that best separates

the number of features chosen
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Figure 6-24: Scatter plots of feature values found using the error term, (a) shows a plot
of Upper Body Y Vector vs Centroid X Position and (b) shows Hip Angle vs Upper
Body X Vector. The blue stars represent normal walking data and the red x’s represent

abnormal walking data.

Figure 6.25 shows the scatter plots using the error term. As can be seen in the above
figures, the method that provides the best linear separation boundary (since a one layer
perceptron is being used) is difficult to determine. A set number of features are used in
conjunction with the perceptron to determine the effectiveness of the feature generation
methods. The method that yields the most accurate classification is the feature with the
highest classification effectiveness. The testing is done using the Hip Angle and
Centroid X position features in conjunction with a one layer perceptron. The features
are generated as described above. The perceptron is then trained using 5 normal and 5
abnormal walking data sets. The remaining data sets are used for validation. The

results from the test in table 6.1.
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Feature Generation
Accuracy of final system
Method
Cross Correlation 6.79%
Correlation Coefficient 84.75%
Error 77.97%

Table 6.1: Results of Feature Generation Testing

As can be seen in Table 6.1, when the correlation coefficient is used the results of the
final system are much better than the other two methods tested. Because of this, the

correlation coefficient is the chosen as the feature generation method for this system.

The next step is to decide which combination of features yields the most accurate
classification system. This is again done using a suboptimal search. A Forward
Selection technique is used to select features for use in the system by forming all
possible combinations of two feature vectors and the classification accuracy for each
combination is calculated. The combination that yields the best classification accuracy
is then adopted and taken to the next stage. Next, each of the remaining features is
paired with the selected combination and the most accurate system is taken to the next
stage. This process is repeated until the desired accuracy is obtained or the desired
number of features is added into the system. The Hip Angle, Centroid Y Position, and
Upper Body Y Motion are selected for use in the system as they yield the highest

classification accuracy using the smallest number of feature vectors. The results of the
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intermediate steps in the suboptimal Forward Selection technique can be found in

Appendix A.
Form
combinations
using
remaining
features
\ 4
Calculate Select
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Figure 6-25: Flowchart of suboptimal search method technique used for feature

selection

6.7 Testing of Normal Human Gait Classification System

The system must now be verified and tested to determine the effectiveness of
gait classification. This is done by taking videos of a number of subjects walking
normally as well as abnormally to create a baseline set of data with which to train the

system and to test the effectiveness of the system.

6.7.1 Experimental Setup for Data Collection
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The system is trained and tested using video of people walking in front of a camera.
This is done because the complexity of the human body does not allow for easy
modeling. Additionally, abnormal walking provides a scenario in which individuals
will react differently. All data collected for this system was done in a controlled indoor
environment. A walking path was created in an open area over a flat, clean floor to
reduce the effects of the floor on the subject’s gait. The path created for walking
consisted of two marked points located directly across from each. The camera used for
image acquisition was placed so that it was perpendicular to the walking path. The area
behind the walking path was kept static during the duration of data. One subject’s data
was collected in front of a moving background to determine the robustness of the

system to noise. The setup for this data collection processes is shown in figure 6.26.

Static Background

Walking Direction
—_—

Starting O O Ending
Point Point

i

Camera

Figure 6-26: The experimental setup, an overhead view
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Each subject was instructed to walk in one of five different ways:

The five walking styles were completed twice by each subject. This resulted in ten data
sets for each individual subject. 6 subjects were chosen for use in this project. To
reduce the effect of gender and other various physiological effects, the subjects were all
males between the ages of 22 and 25 of various heights and weights. The age, height

and weight data for each subject can be found in table 6.3.

- Normally

- Limping

- Shuffling

- With One Leg Straight

- Jogging

Subject Age Height (in) |Weight (lbs)

1 24 73 170

2 26 68 152

3 22 74 185

4 23 73 172

5 24 77 255

6 24 71 163
Average 23.83 72.67 182.83

Table 6.2: Subject Data for testing, all subjects are male
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All data collection and processing was done by the system described above. The data
is then fed into the system where background extraction, foreground determination,
spatial processing, and motion estimation processes and classification are done. The
classifier is trained using 5 of the normal data sets and 5 of the abnormal data sets from
random test subjects. The remaining data from the test is then processed and the final
classification decision for each of the subject’s walking trials is computed. This output
is then compared to the known gait classifications so that the effectiveness of the
system can be determined. The accuracy of the final system classification is given by a

percentage of correct classifications.

6.7.2 Results of Normal Gait Classification System

The final system accuracy obtained for the testing described above is 93.22%. This
means that the system will classify an observed gait correctly over 93% of the time.
The results for each individual subject can be found in table 6.3, the subject walking

with a moving background is subject number 6 in the table.
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Correct
Subject Total Trials| Accuracy
Classifications
1 11 12 91.67%
2 12 12 100%
3 12 12 100%
4 12 12 100%
) 11 12 91.67%
6 9 11* 81.82%
Total 55 59 93.22%

Table 6.3: Classification results for each subject, Note: * denotes one data set did not

process due to gross background errors

As can be seen above, much better results are obtained by the system when using a
purely static background. In fact 50% of the error in the classification is due to Subject
6. A more accurate classification would result for Subject 6 if the background
extraction algorithm was modified to model the movement taking place in the scene.
Despite the gross error encountered by Subject six’s data set, the system still manages

to accurately classify an acceptable number of the observed gaits.

6.7.3 Conclusions of Gait Classification Experiment

125



The system provides an efficient and accurate scheme for determining if a human is
walking normally or abnormally. Even though the abnormalities used for the

bh

evaluation of this system are not “true” gait abnormalities they provide subtle
difference in the human gait pattern that can be distinguished from normal gait with a
properly trained system. Based on the results from this test it can be inferred that true
abnormalities would be even easier to detect using this system, as the gait resulting
from someone who nominally walks abnormally will provide motion which is much
more consistent over the course of the gait cycle. Greater repeatability would provide

more stable data to the classification system and theoretically better results from the

system as a whole.

6.8 Classification of the Type of Observed Human Motion

To provide an additional level of analysis, further development of the system
described above is done to classify the type of abnormal gait observed. For this
system, the hip angle estimates generated as described in section 6.4 are used. A
comparison of the hip angle calculated using 3-D motion capture data and the method

described above is shown in Figure 6.28.
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Figure 6-27: Estimated versus actual hip angle

The final measure taken from the visual input data is a hip angle normality measure.
This is calculated by finding the correlation coefficient between a representative
normal series of hip angle measurements and the input series of hip angle
measurements. This assists in accurate determination of the observed walking style by
the neural network classifier. This measure as well as the raw hip angle estimate form

the input set for the neural network classifier.

6.8.1 Neural Network Approach to Human Activity Classification

There have been a wide variety of neural networks developed in the past 20
years aimed at solving a number of problems [82, 86, 89, 90]. Many of these neural

networks have been applied to a wide variety of pattern recognition applications with a
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few being used in the field of visual gait and activity analysis [97, 98]. This system
utilizes a multilayer neural network to form a powerful classifier to determine walking

style given gait data obtained through a computer vision system.

To classify the hip angle input, the neural network was constructed with 3
layers and a maximum operator. The size of the input layer for this system is 46
neurons. This allows for 45 hip angle points and a hip angle normality factor to be
input to the neural network. The size of the second layer is constructed to minimize the
number of neurons required and still provide an acceptable final classification
performance. This results in a second layer size of 60 neurons. Each of the first two
layers is constructed using a log-sigmoid activation function. The output layer consists
of 5 neurons, one for each walking style to be classified, each with pure linear
activation functions. The maximum of the 5 output neurons is the final classification

decision. The architecture used in this system can be found in Figure 6.29.

/v 46 1 Maximum | | Walking
- 60 5 Operator Style
Normality| |

Index

Figure 6-28: Neural Network Architecture
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The network used in this system is a supervised classification scheme and therefore a
training data set is used. 20% of the available data is used to train the network. This
allows for good generalization of the classification results and not just those observed
in the experiment. The training algorithm chosen is a quasi-newton method known as
the Marquardt backpropagation algorithm [99]. This uses Levenburg-Marquardt
optimization to modify the traditional Gauss-Newton method and results in a training
algorithm that is more efficient than traditional backpropagation (steepest decent) as
well as conjugate gradient algorithms [127]. The error of the network was calculated
using mean square error (MSE). The goal for the training error is an MSE of 1e-20,

with a maximum of 1000 epochs.

6.8.2 Testing and Results for Human Activity Classifier

For this testing 10 subjects were observed performing various styles of walking.
The subjects were all males between the ages of 22 and 32 of various heights and

weights. The age, height and weight data for each subject can be found in Table 6.4.
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Subject |Age Height |[Weight
(in) (Ibs)

1 24 73 170

2 26 68 152

3 22 74 185

4 23 73 172

5 24 77 255

6 24 71 163

7 23 67 147

8 32 70 182

9 22 71 178
10 24 73 182
Average |24.4 71.7 178.6

Table 6.4: Subject Data for testing, all subjects are male

A narrow band of the population was chosen in order to focus on the differences in gait
due to the abnormality exhibited and not due to the subjects’ gender, race or some other

outside factor.

The 10 individuals walked along a path situated so that they would be walking

perpendicular to the camera’s primary axis. The path was over a flat surface free from
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obstructions. This was done to view the saggital plane of the subject. Each subject was
instructed to walk from one point to the other using a variety of different walking styles
for each trial. This allowed for the collection of one complete gait cycle.

Each subject was instructed to walk in one of four different ways:

Normally

Limping

Shuffling

Jogging

Each of the four walking styles was repeated once by each subject. This results in a
total of eight separate data sets for each subject.

The video of each subjected was collected at 30 frames per second with a resolution of
640x480 pixels per frame. The neural network classifier was trained using 40 of the
data sets selected at random from the 80 available data sets. The remaining data from
the test was then processed using the system and the final classification decision for
each of the subject’s walking trails was computed. This output was then compared to
the known gait classifications and the effectiveness of the system was determined based
on the accuracy of the final system classification, as given by a percentage of correct

classifications.
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The testing described above yielded a correct classification decision for 34 of the 40
test data sets this is an 85% classification rate. Examples of the image sequences

provided to the system are shown in Figure 6.29.
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Figure 6-29: Image data provided to the system, (a) normal walking, (b) limping, (c)

shuffling and (d) jogging

The final classification decision is compared to the actual observed class in Table 6.5.
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Trial | Classification | Actual Class
60 3 3
13 1 1
2 1 1
17 3 1
36 2 2
59 3 3
72 4 4
70 4 4
71 4 4
65 4 4
54 3 3
64 4 4
66 4 4
16 1 1
29 2 2
45 2 3
3 1 1
24 1 2
34 2 2
44 2 3
63 4 4
19 1 1
35 2 2
48 3 3
51 3 3
28 2 2
50 3 3
12 1 1
30 2 2
80 4 4
77 3 4
8 1 1
76 4 4
14 1 1
20 1 1
15 2 1
68 4 4
26 2 2

1 1 1
22 2 2

Table 6.5: Classification Results
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The classification failures are highlighted above. The figures 6.30-6.35 show the hip
angle estimates for the 6 classification failures compared to examples from that

walking class.

0.8 T 0.8

0.7 0.7

0.6 0.6
05 05
0.4 0.4

0.3 0.3

0.2 0.2

0.1 c : c : : : c : o1 : c : c c : : c
0 5 10 15 20 25 30 35 40 45 e} 5 10 15 20 25 30 35 40 45

(a) (b)

Figure 6-30: (a) Correctly classified normal walking (dataset 1), (b) incorrectly classified

normal walking (dataset 17)
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Figure 6-31: (a) Correctly classified normal walking (dataset 1), (b) incorrectly classified

normal walking (dataset 15)
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Figure 6.32: (a) Correctly classified normal walking (dataset 1), (b) incorrectly

classified normal walking (dataset 15)

0.9 4 0.9t
0.8~ - 0.8~
0.7 - 0.7
0.6 4 0.6 —
0.5~ - 0.5~
0.4 4 0.4
0.3~ - 0.3

0.2 0.2

0.1 A 0.1

o 5 10 15 20 25 30 35 40 45 o] 5 10 15 20 25 30 35 40 45

(a) (b)

Figure 6-32: (a) Correctly classified limping (dataset 35), (b) incorrectly classified

limping (dataset 24)
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Figure 6-33: (a) Correctly classified shuffling (dataset 50), (b) incorrectly classified

shuffling (dataset 44)
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Figure 6.34: (a) Correctly classified shuffling (dataset 50), (b) incorrectly classified

shuffling (dataset 44)
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Figure 6-34: (a) Correctly classified shuffling (dataset 50), (b) incorrectly classified

shuffling (dataset 45)
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Figure 6-35: (a) Correctly classified jogging (dataset 70), (b) incorrectly classified

jogging (dataset 77)
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The classification failures are due to differences between the hip angle estimates
calculated for each image sequence. Some of these failures can be attributed to noise in
the silhouettes caused by background extraction errors (datasets 17, 77 and 24) while
others are caused by differences in the actual walking motion performed by the subjects

(datasets 44 and 45).

6.8.3 Conclusions for Human Activity Classification System

Neural networks are utilized to create a powerful, efficient and robust classifier
which can correctly classify an observed walking style using only simply obtained
image metrics. This classification is done using a three layer neural network in
conjunction with a maximum operator. The image metrics provided to the
classification network are simple to obtain and robust to image errors and self
occlusions. Once the network is fully trained, the system can run quickly and
efficiently to classify walking motions observed in an area by a single monocular
camera. The system is shown to provide an 85% correct classification rate when

classifying four different styles of walking.

The system described is currently limited to a single view. However, further
development can allow for the system to be generalized to multiple views. This

generalization remains simple because the only modification that must be made for the
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system is the ability to obtain the hip angle estimate from additional view points.
Because this estimate is based on simple image metrics it should not be difficult to find

from multiple views, especially when using a stereo imaging system.
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Chapter 7: Image Based Detection of Hidden Load

Conveyance by Human Subjects

For this system, statistical distributions generated by the boundary point
training sets are used in a hybrid fuzzy neural network to classify silhouette boundary
points into kinematic families. The fuzzy input set contains part-based likelihoods for
each of seven different body segments. The seven body segments are selected for their
kinematic importance. These segments are torso, front thigh, back thigh, front shank,
back shank, front foot and back foot. For each boundary point on the silhouette, the
likelihood is calculated for each of the seven different kinematic families. The

Gaussian likelihood function used as the fuzzifier is shown in equation 7.1.

p(x L) exp((X — ) (X - ) (7.0)

1
Ay

Where L is the part family, X, is the edge point and (, ,%,*) are the parameters of the

distribution for part family L. The parameters for each kinematic family are learned
from manually labeled image sequences. Hybrid fuzzy network architecture is shown

in Figure 4.5.

The outputs of the neural network consist of scores for each of the 7 kinematic families.

Each output node corresponds to a kinematic family and the resulting point
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classification is determined by the node with the maximum value. To train the neural
network, manually labeled edge points were generated for 8 subjects. 4 subjects were
then used to train the network and 4 subjects were used for network verification. The
network achieves a 95.8% correct classification rate. The majority of the incorrect
classifications exist in the shank regions due to complexities of front/back
classifications and self occlusions. Examples of the neural network classifications for
previously unseen subjects are shown in Figures 7.1-7.5. The figures below show a
typical image sequence (every fifth frame) for each of the load conditions
(loaded/unloaded) and both types of subjects (male/female). As can be seen, the
normalization makes each subject approximately the same size in the image.

Additionally, there is no visual evidence of the presence of an external load.
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Figure 7-1: Example of Kinematic Family Classifier for Loaded Male Subject
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Figure 7-2: Example of Kinematic Family Classifier for Loaded Male Subject

Figures 7.1 and 7.2 demonstrate a typical image sequence for a loaded male subject.

As can be seen in the figures, the majority of the point misclassifications occur in the

shank region during the single stance phase of the gait cycle.

These errors are

highlighted by the red circles in Figures 7.1-7.5. These errors occur because the

front/back leg classification is determined based on foot location.

As can be seen

above, the majority of the back leg can be located forward of the front leg even though

the back foot remains behind the front foot.

misclassifications seen in the shank regions of both subjects.

This causes the front/back
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Figure 7-3: Example of Kinematic Family Classifier for Unloaded Male Subject




Figures 7.1-7.3 give examples of loaded and unloaded subjects. As can be seen in

these figures, there is no visual difference between loaded and unloaded male subjects.

Figure 7.3 also shows that the front/back shank misclassifications in the single stance

phase of the gait cycle occur as in the loaded case (as shown in Figures 7.1 and 7.2).
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Figure 7-4: Example of Kinematic Family Classifier for Loaded Female Subject
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Figure 7-5: Example of Kinematic Family Classifier for Unloaded Female Subject

Figures 7.4 and 7.5 demonstrate image sequences for loaded and unloaded female

subjects. As can be seen the female and male subjects remain visually the same after

image normalization. The boundary point classifications are also similar to those for

the male subjects.

As can be seen in Figures 7.1-7.5, the front/back shank

misclassifications exist for the female subjects as well as the male subjects.
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7.1 Joint Angle Estimations for Use in Hidden Load

Classification System

The joint locations of the observed subject are estimated in each frame by the
labeled edge point data. The first step in this estimation is to determine landmark
points in the labeled edge sets that can be used for joint position estimation. The
boundary points between kinematic families were chosen as landmark points due to
their kinematic significance. These points best describe the movement of the lower
body limbs. The offsets from these landmark points to the actual joint location were
then learned from training data. An iterative technique was adopted to determine the
value of each landmark offset. Initial estimates for each offset were made based on
visual observation and the ground truth angle data. Each of the remaining landmark
offsets were then estimated so that the error between the estimated and actual joint
angle was minimized for each training image. This process was repeated for each joint
until the angle error between the visual and motion capture data was minimized for the
training set of 4 subjects. Joint angle measurements found in the validation set are

shown in Figures 7.6-7.10.

143



5 & H M W W &5 & B R

h o m & @&

L ]
- -

(c) (d)

Figure 7-6: Example of Angle Estimations for (a) Front Knee, (b) Back Knee, (c) Front

Hip, (d) Back Hip of an Loaded Male Subject

Figure 7.6 shows typical angle measurements for a loaded male subject. As can be
seen in the above figure the visual estimates and motion capture angles are not exactly
the same. However, the phases of the joint angles are similar. As can be seen in the
Figure 7.6, the back joint angles appear to be more accurate than the front joint angles.
The front/back transitions for each angle do not occur at the same in the visual and
motion capture systems. This is another source of error in the estimation. This is
evident in each figure when large step transitions occur at different points. Typically
the visual system remains slightly behind that of the motion capture system. This is

due to the fact that the front/back transition is determined by the ankle marker (furthest
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back point in the leg) in the motion capture system and by the furthest back heel point

in the visual system.
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Figure 7-7: Example of Angle Estimations for (a) Front Knee, (b) Back Knee, (c) Front

Hip, (d) Back Hip of an Unloaded Male Subject
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Figure 7-8: Example of Angle Estimations for (a) Front Knee, (b) Back Knee, (c) Front

Hip, (d) Back Hip of an Unloaded Male Subject

Figures 7.6-7.8 demonstrate the typical angle estimates for a loaded (Figure 7.6) and
unloaded (Figures 7.7 and 7.8) male subject. As can be seen in the figures, the visual
angle estimations are similar for each load condition. The phase differences and errors
between the visual and motion captures systems are also consistent between load and

unloaded data.
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Figure 7-9: Example of Angle Estimations for (a) Front Knee, (b) Back Knee, (c) Front

Hip, (d) Back Hip of an Unloaded Female Subject
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Figure 7-10: Example of Angle Estimations for (a) Front Knee, (b) Back Knee, (c)

Front Hip, (d) Back Hip of an Loaded Female Subject

7.2 Classification of Hidden Load Conveyance Using Joint

Angle Estimations Calculated from Image Data

A hidden load detection system based solely on joint angle analysis has been
developed using motion capture data as inputs to the system [107, 108]. To accomplish
this analysis a complete stride of an observed subject is used. To segment a complete
stride from the image sequence, the stride length of the subject was calculated in each
image. The first and third peak values were used to determine the beginning and end of

a complete stride. The lower body joint angles, as calculated by the above described

148



system, were then segmented by stride and filtered using a 7 Hz low pass, forth-order
Butterworth filter [108]. The segmented and filtered angle data were used to generate
phase portraits for each sequence. Phase portraits are the plot of angular position vs.
angular velocity. The angular velocities were estimated in each frame by calculating
the change in angle over time between measurements (1/30 sec.). The path length of

each joint was then calculated by equation 7.2.

n

PL = > (0( +1)- 60)) + (0( +1)- 6()f (7.2)

1

The phase portraits generated for various load conditions and subjects are shown in

Figures 7.11 and 7.12.
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Figure 7-11: Examples of Unloaded (a) Front Knee, (b) Back Hip and Loaded (c) Front

Knee, (d) Back Hip phase portraits
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Figure 7-12: Examples of Unloaded (a) Front Knee, (b) Back Hip and Loaded (c) Front

Knee, (d) Back Hip phase portraits

7.3 Experiments and Results of Hidden Load Classification

System

In order to quantify the performance of the system, a hidden load detection
experiment was conducted similar to that in [107]. The system was used to classify
loaded and unloaded walking using 8 subjects (5 male, 3 female) of varying heights,

weights and ages [107]. All the subjects used in this experiment were not used in the
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training and validation of the edge point classification network. These 8 subjects
generated a total of 50 datasets consisting of 26 loaded and 24 unloaded image
sequences. Lower body joint angles were calculated by the system for each of the 50
image sequences. Each image sequence resulted in a set of front knee, back knee, front
hip and back hip angle estimates. The path lengths for each of these angles were

calculated for one complete gait cycle.

To train the hidden load classifier a leave-one-subject out methodology was
adopted. 7 subjects were used for training the classifier while 1 subject was used for
validation. This was repeated for each subject so that the training set never contained a
subject in the validation set. The final classification result found using this system is
88%. This is comparable to the results found when using a motion capture system and
a similar classification scheme [107] of 92.5%. A plot of the path lengths for each

dataset is shown in Figure 7.13.
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Figure 7-13: Path lengths of each dataset

Examples of correctly and misclassified phase portraits for various subjects are

shown in figures 7.14-7.15.
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Figure 7-14: Correctly classified (a, b) Loaded and (c, d) Unloaded datasets and

incorrectly classified Loaded (e, f)
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Figure 7.14e and 7.14f shows an example of an incorrectly classified loaded
data set. As can be seen the phase portrait of the incorrectly classified loaded set is
very similar to that of an unloaded subject and is classified as unloaded. The typical

loop found in the loaded phase portrait is not present as it is in Figure 7.14b.
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Figure 7-15: Correctly classified (a, b) Loaded and (c, d) Unloaded datasets and

incorrectly classified Unloaded (e, f)

Figure 7.15e and 7.15f shows an example of an incorrectly classified unloaded
data set. As can be seen the phase portrait of the incorrectly classified unloaded set is
very similar to that of a loaded subject and is classified as loaded. The typical loop

found in the loaded phase portrait is present in this figure as it is in Figure 7.15b.
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Figure 7-16: Correctly classified (a, b) Loaded and (c, d) Unloaded datasets and

incorrectly classified Unloaded (e, f)

Figure 7.16 shows another example of incorrectly classified unloaded path

lengths. Again, the back hip phase portrait shows the loop typically found in loaded
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data sets. This causes a longer path length and the subsequence misclassification of the

data set.
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Chapter 8: Conclusion

In this work a system which can be used to determine if human gait observed by
a video camera at a remote distance is normal or abnormal is presented. The system
utilizes a wide variety of different traditional research areas, including computer vision,
biomechanics, and harmonic system analysis as well as pattern recognition to
determine the final system output. The system described utilizes the video input to
generate various gait descriptors by performing background extraction, foreground
determination, and motion estimation. Each of these levels of analysis interacts with
one another to produce an effective and efficient algorithm that generates a wide
variety of descriptors. The data generated from the video is classified. This uses all

available gait descriptors to accurately arrive at a classification of the observed gait.

Neural networks are used to create a powerful, efficient and robust classifier which can
correctly classify an observed walking style using only simple image metrics. This
classification was done using a three layer neural network in conjunction with a
maximum operator. The image metrics provided to the classification network are
simple to obtain and robust to image errors and self occlusions. With a fully trained
network, the system can run quickly and efficiently to classify walking motions
observed in an area by a single monocular camera. The system was shown to provide a

100% correct classification rate when classifying 5 different styles of walking.
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A new vision based gait analysis system was presented which produced results
comparable to those found using a motion capture system in the analysis of evenly
distributed hidden loads. Silhouettes of human subjects observed in the front-to-
parallel plane were extracted from image sequences. The boundary points of these
silhouettes were then used as inputs to a hybrid fuzzy neural network classifier that
grouped the points into kinematic part families. These part families were used to
generate landmark points in order to estimate joint locations. These estimated joint
locations were used to estimate lower body joint angles of observed subjects. These
angles, calculated without using an obtrusive system, were shown to be close to those
calculated using a high resolution, marker-based motion capture system. The
performance of the system for use in gait analysis is then quantified using the limiting
case of evenly distributed hidden load detection. The system was shown to yield
results comparable to those found using a traditional motion capture system.

This approach to gait analysis is promising in that it does not rely on an explicit spatial
model, eliminating the need for computationally expensive model fitting. Additionally,
the elimination of any temporal based gait model allows for analysis of subtly different
gait motions across individuals. This shows that the system has potential for use in

many different forms of gait analysis including clinical and surveillance applications.
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8.1 Future Work

Further application of the gait classification system to other areas of visual human
analysis will be done including biometrics, abnormal activity analysis and surveillance
applications. Ongoing work will focus on the generalization of such a system to
multiple view points. Training the hybrid fuzzy neural network from multiple views
should allow for the estimation of joint angles from multiple viewpoints. Additional
viewpoint modeling could also be used in the creation of a view invariant joint angle
estimation system. An expansion of the hybrid fuzzy classification network will also be
done using edge points not limited to the silhouette boundary. This should allow for
the estimation of upper body joint angles as well as the lower body angles.

In addition to multiple-viewpoints development of this system for use without the need
for a background subtraction scheme is in development. Currently work has begun in
conjunction with Micha Andriluka and Dr. Bernt Schiele at Max Planck Institute to
expand the hidden load detection system for use in a pedestrian detection and tracking
system. This will allow the hidden load detection system to be used without the
assumption of a single subject in the scene and eliminate the need for a background
subtraction step. Refinement of the kinematic classification and joint position
estimations will also be done to further improve on the joint estimations when

compared to ground truth motion capture data.
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Appendix A: Feature Selection Values for Normal Gait

Classification System

The following table shows the values for each selection of features found when using
the suboptimal Forward Selection method for classification feature selection. The

feature numbers correspond to the following features:

Hip Angle

Horizontal (X) Centroid Position
Vertical (YY) Centroid Position
Upper Body Vertical (Y) Motion
Maximum Stride Length

Upper Body Horizontal (X) Motion

N o o b~ w d e

Torso Angle

The table shows the Accuracy of the classification for the final system when using each
of the selected variables. The first stage consists of performing classification using
every combination of two variables that is possible with the given features, for stage
two the combination tested above which yields the most accurate classification is
selected. Each of the remaining features are then added to this combination and the
classification results of the system are again calculated, the combination which yields
the most accurate combination is again selected for use in the next stage. This process

is repeated until the desired accuracy of classification is achieved.
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Forward Selection for Classifier Feature Value Selection

Stage Features Included Percent of Correct Classification
1 1,2 54.24%
1 1,3 89.83%
1 1,4 93.22%
1 1,5 77.97%
1 1,6 55.93%
1 1,7 89.83%
1 2,3 0.00%
1 2,4 83.05%
1 2,5 32.20%
1 2,6 71.19%
1 2,7 8.47%
1 3,4 77.97%
1 3,5 30.51%
1 3,6 83.05%
1 3,7 38.98%
1 4,5 77.97%
1 4,6 74.58%
1 4,7 81.36%
1 5,6 76.27%
1 57 28.81%
1 6,7 28.81%
2 1,3,2 74.58%
2 1,3,4 91.53%
2 1,3,5 83.05%
2 1,3,6 77.97%
2 1,3,7 89.83%
3 1,3,4,2 81.36%
3 1,3,4,5 84.75%
3 1,3,4,6 77.97%
3 1,3,4,7 86.44%
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