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Automatic, vision-based analysis of crowds has implications in a number of fields, but faces
unique challenges due to the large number of pedestrians within the scenes. The movement of
each pedestrian contributes to the overall crowd motion (i.e., the collective motions of the scene’s
constituents) that varies spatially across the frame and temporally over the video. This thesis
explores how to model the dynamically varying crowd motion, and how to leverage it to perform
vision-based analysis on videos of crowded scenes. The crowd motion serves as a scene-centric
constraint (i.e., representing the motion in the entire video), compared with conventional object-
centric methods that build on individual constituents. By exploring what information the crowd
motion can represent, we demonstrate the impact of leveraging our model on three problems facing
video analysis of crowded scenes.

First, we represent the crowd motion using a novel statistical model of local motion patterns
(i.e., the motion in local space-time areas). By doing so, we may learn the spatially and temporally
varying underlying structure of the crowd motion from an example video of crowd behavior.

Second, we use our model to represent the typical crowd activity (i.e., the crowd’s steady-state)
and detect unusual events in local areas of the video. Specifically, we identify local motion patterns
that statistically deviate from our learned model. Our space-time model enables detection and
isolation of unusual events that are specific to the scene and the location within the video.

Next, we use the crowd motion as an indicator of an individual’s motion to perform tracking.
Specifically, we predict the local motion patterns at different space-time locations of the video and
use them as a prior to track individuals in a Bayesian framework. Leveraging the crowd motion
provides an accurate prior that dynamically adapts to the space-time variations of the crowd.

Finally, we explore how to measure how much individual pedestrians conform to the movement of
the crowd. To achieve this, we use our crowd model to indicate the future locations of pedestrians,
and compare the direction they would move to their instantaneous optical flow. By identifying
deviations from the crowd, we identify global unusual events and augment our tracking method to
model the individuality of each target.

We compare with conventional object-centric methods and those that do not encode the space-
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time varying motion of the crowd. We demonstrate that our scene-centric approach (i.e, one that
starts with the crowd motion) advances video analysis closer to the robustness and dependability

needed for real-world video analysis of scenes containing a large number of pedestrians.
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Chapter 1: Introduction

1.1 Background and Motivation

Vision-based analysis of videos of crowded scenes, such as those shown in Fig. 1.1, has the potential
to impact a wide number of fields, but computer vision methods have been hindered by the unique
challenges associated with crowded scenes.

Video analysis of crowds has vast implications in video surveillance, event planning, and disaster
avoidance. The prevalence of video surveillance systems has created a dire need for vision-based
methods that can assist or replace human operators. Many surveillance operators are tasked with
watching multiple screens simultaneously, and the large number of pedestrians in even a single
crowded scene is difficult to monitor. Vision methods also have the potential to identify and mea-
sure congestion, enabling event planners to anticipate the movement of pedestrians and adjust the
environment to maximize crowd flow. Finally, crowded areas pose a high risk for disasters as a result
of over-crowding, panic, or stampedes. By understanding the behavior of crowds, vision methods
have the potential to automatically detect or anticipate crowd disasters.

Despite the need for video analysis, the complexity of crowded scenes pose unique challenges
to vision-based methods. As shown in Fig. 1.1, the large number of pedestrians in crowded scenes
results in frequent partial or complete occlusions. In addition, almost every individual is completely
surrounded by other moving pedestrians. The scenes are so dense, in fact, that identifying foreground
pixels is futile as the background is rarely visible. Finally, pedestrians may move in any number
of different directions depending on their personal goals, neighboring pedestrians, and the physical
obstacles within the scene, resulting in a heterogeneous and dynamically evolving crowd motion that
is often too complex for conventional methods.

A promising way to handle the complexity of crowded scenes is through learning. Surveillance
cameras are often fixed and operate continuously, resulting a large amount of video of typical be-

havior. Pedestrians move through the scene depending on their personal goals, but their motion is
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Figure 1.1: Example frames of crowded scenes.

also influenced by scene-specific factors such as the environment, the crowd’s density [68], or even
their culture [17]. Since these scene-specific factors change gradually, if at all, the collective motion
of pedestrians within the scene (i.e., the crowd motion) tends to repeat and can be learned from
example videos of the crowd. This learned model can then be used as an estimate of the crowd
behavior in a video of the same scene recorded at a different time.

Conventional video analysis methods learn the behavior of the scene in three steps: detecting
constituents, tracking constituents, and compiling the tracking results into higher order models. The
applicability of such object-centric methods is limited to scenes with relatively few constituents.
Discerning individuals in crowded scenes is difficult since they are typically surrounded by other
moving pedestrians. Tracking is also difficult due to the frequent partial or complete occlusions
in crowded scenes. Finally, such methods suffer from problems of scale: each new pedestrian that
enters the scene increases the complexity of the model, making them intractable on very crowded
scenes.

Rather than learning the crowd motion from the trajectories of each pedestrian, a more tractable
approach is to treat the crowd holistically. Holistic methods model relationships between low-level
motion estimates to represent the motion of the entire scene. Often, these estimates represent the
motion in small, local space-time areas of the video (i.e., a local motion pattern). The challenge
faced by holistic techniques is to accurately, efficiently, and faithfully represent the crowd motion.

The crowd motion is complex as it can vary spatially across the frame and temporally over the
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video. By learning these spatio-temporal variations, however, the crowd motion may be used as a

scene-centric constraint to analyze videos of crowded scenes.

1.2 Related Work

Crowds have received attention from researchers in physics, sociology, graphics, and computer vision.
While vision researchers aim to understand the behavior of the crowd (or, in some cases, a pedestrian
within the crowd) from visual evidence, work in physics and graphics aim to analytically model the
crowd to create accurate simulation models. Often, such simulations are used to evaluate evacuation
dynamics [66] or public space design in order to avoid crowd disasters. We discuss related vision

work and refer to [82, 80] for a full discussion of the relationship between simulation and vision.

1.2.1 Object-Centric Video Analysis

Conventional methods for video analysis are object-centric (i.e., begin by analyzing each of the
scene’s constituents). Such methods detect the scene’s constituents (most frequently pedestrians or
automobiles), track them, and then analyze the trajectories to model the behavior of the constituents.
These methods work well on scenes that are relatively sparse (roughly 5 to 20 pedestrians) and, as
noted by Zhan [79], are not appropriate for very crowded scenes. We review related object-centric
work that are designed for crowded scenes, but emphasize that they still have challenges in videos
containing high density crowds.

Detecting the scene’s constituents is often the first step in object-centric video analysis. Zhao
et al. [81], for example, track pedestrians in videos of crowds by detecting each individual using a
model of human shapes. Rodriguez and Shah [65] detect pedestrians using a voting scheme on the
contours around each individual. The contours are computing by subtracting the background from
each video frame. In high density crowded scenes, however, the background is rarely visible and
pedestrians are often partially occluded, making the contours difficult to estimate. Leibe et al. [47]
also segment pedestrians from the background, but use global image cues to add robustness partial
occlusions. Their method handles some partial occlusions well, but assumes that the torso of the

pedestrian is visible. This is often not the case in near-view scenes, such as those shown in Fig. 1.1,
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where only the heads of most pedestrians are visible.

Other work detect pedestrians by assuming that they exhibit unique motion. Browstow et al. [14]
group short feature tracks (or “tracklets”) to identify similarly moving pedestrians. They assume
that the subjects move in distinct directions and thus disregard possible local motion inconsistencies
between different body parts. As noted by Okabe et al. [69], such inconsistencies cause a single
pedestrian to be detected as multiple targets. In addition, pedestrians that are moving in the same
direction are identified as a single group. Crowded scenes, especially when captured in relatively
near-field views as is often the case in video surveillance, necessitate a method that represents the
multiple motions of a single individual or similar motions of different pedestrians.

After detection, the constituents are tracked as they move through the scene. Data association
methods, such as that of Betke et al. [8] or Gilbert and Bowden [23], track multiple targets in
cluttered scenes by associating detection results of consecutive frames. These techniques assume that
the detection is always reliable, and thus degrade in very crowded scenes. Wu and Nevatia [77] are
able to track partially occluded pedestrians by detecting body parts, rather than the full pedestrian.
The data association problem itself is NP-Hard, and thus becomes less tractable in scenes with a
large number of pedestrians. Often, approximation techniques are used to estimate a solution such
as the Bayesian framework of Li et al. [50].

Other data association methods do not rely on detecting individuals. Khan et al. [39] model the
interaction among detected interest points to improve the tracking of each object. Hu et al. [35] use
a Markovian model on each tracked point to augment data association in generic domains. As noted
by Khan et al. [40], however, a single point may be shared between multiple targets and result in
ambiguities. Shared points are often the result of motion boundaries or clutter, both of which occur
frequently in videos of crowded scenes.

After tracking, the trajectories are used to characterize behaviors about the constituents within
the scene. Wang et al. [75], for example, cluster trajectories to learn the common routes taken by
pedestrians and automobiles. Dee and Hogg [22] use the tracking information to identify pedestrians

that deviate from a goal-specific behavior. Hu et al. [34] learn global motion patterns (i.e., that
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describe motion over the entire frame) and use them to detect anomalies and predict future behaviors.
Johnson and Hogg [37] estimate different distributions of trajectories, and attach semantics to each in
order to identify specific events within the scene. Such methods not only depend on reliable detection
and tracking, which may not be available in videos of crowded scenes, but also face problems of scale.
As more pedestrians enter the scene, the complexity of these methods increases and may become

intractable with even moderately dense crowds.

1.2.2 Local Motion Patterns

To address the complexity of real-world scenes, many researchers propose holistic techniques that
characterize the scene as a collection of local motion estimates (which we refer to as local motion
patterns), rather than a collection of constituents. Often, holistic methods aim to identify behaviors
within the scene that are part of the same physical process [32]. For example, Yang et al. [78] use
a “bag-of-words” model to identify and detect common automobile traffic patterns. These can then
be used to mine events [48] or to segment the video [49]. A key challenge is how to represent the
local motion pattern while maintaining a computationally feasible model. Here, we review related
work in this area, but note that most methods in this section are not intended for use in crowded
scenes.

Yang et al. [78] use the 2D frame location and motion direction to represent local motion patterns.
Similar to Wang et al. [74] and Hospedales et al. [31], the motion direction is quantized into one of
four primary directions. Doing so makes the bag-of-words model discrete (and thus computationally
efficient), but limits the motion of constituents to relatively rigid movements. As such, these methods
are suitable for scenes where the motion of constituents is highly structured, such as automobile
intersections, but are not suitable for crowded scenes of pedestrians.

Other representations have been useful for action detection. Key et al. [38] detect actions in
cluttered scenes by comparing gram matrices of spatio-temporal gradients. They use the motion-
similarity measure from Boiman and Irani [67] that assumes each local area contains motion in a
single direction. In real-world crowded scenes, however, the near-proximity of pedestrians leads to

frequent motion boundaries whose optical flow is undefined. In high-density heterogeneous crowds,
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this problem intensifies and a single motion direction may not accurately describe the motion in
many instances.

Histograms of oriented gradients (HoG) features have also been used to describe space-time vol-
umes for human detection [21] and action recognition [46]. The HoG feature is computed on the
spatial gradients (the temporal gradient is not used), though they have been extended to the 3D
space-time gradient [41]. The orientation of spatial gradients encodes the structure of the pedes-
trian’s appearance, and thus is not suitable when only motion is necessary.

The relationship between local motion patterns has also been used to improve the tracking of
motion boundaries. Nestares and Fleet [58] increase the continuity of the motion boundary tracking
from Black and Fleet [10] by using motion patterns from the local area surrounding the tracked
region. They assume that spatially neighboring motion patterns are similar, which is not the case

in heterogeneous or dynamically evolving crowds.

1.2.3 Crowd Models

Many work have borrowed ideas from holistic video analysis to address the challenges in videos of
crowds. Such methods are similar in spirit to ours, but often make overly simplistic assumptions
regarding the motion of pedestrians or the crowd itself. We further demonstrate the difference
between, and compare the results of, our model and these methods in the appropriate sections of
this dissertation.

Mahadevan et al. [51] describe the typical dynamics of the crowd with a mixture of dynamic
textures (previously used for segmentation by Chan et al. [15]). Using dynamic textures, however,
retains appearance variations which can introduce noise into the model and degrade results.

Shah et al. [57, 55, 2] model crowds based on a hydrodynamics model that essentially treats each
pedestrian as a particle in a fluid. As noted by Still [68], however, specific behaviors that occur in
crowds, such as lane formations or clustering, do not occur in fluids. While particles are affected
only by the external forces around them (such as other particles or the environment), the motion of
pedestrians is a result of both external forces and their individual desires. Such differences between

individual pedestrians form dynamic space-time structures in the crowd motion that can not be
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represented with a hydrodynamics model.

Other work assumes that the crowd flow is constant over the entire video. Ali and Shah [1] aver-
age the optical flow over a video clip, and use it to model a Finite Time Lyapunov Exponent field for
segmenting the motion of the crowd. Similarly, Mehran et al. [56] measure the “social force” [26] by
comparing the instantaneous optical flow to the optical flow averaged over the video clip. Raghaven-
dra et al. [61] also estimate the social force, but do so using a particle swarm method that clusters
similar motion vectors. In many crowded scenes, especially those with unconstrained environments,
the motion of pedestrians can change dramatically in a short period of time as individuals move
towards different goals.

Some work assume the crowd exhibits homogeneous motion in each area of the scene. Hu and
Shah [33], for example, identify global motion patterns (i.e., ones that take up the entire frame) in
crowded scenes by clustering optical flow vectors in similar spatial regions. Similarly, Cheriyadat
and Radke [19] detect dominant motions in crowds by clustering low-level tracked features. Such
methods can not handle dynamically varying crowds or those with heterogeneous motions in local
areas. A crosswalk, for example, naturally has pedestrians moving in two directions who emerge
together as they pass each other.

Other methods capture the multi-modal nature of the crowd, but ignore the important temporal
relationship between sequentially occurring motions exhibited by pedestrians. Rodriguez et al. [62]
use a topical model (similar to the bag-of-word models) over quantized optical flow directions to
describe the crowd motion. They later improve their tracking using a crowd density estimate [63].
Though they model the heterogeneous nature of the crowd, they do not encode the relationship
between temporally co-occurring motions. By disregarding the temporal variations in the motions
exhibited by pedestrians, these approaches cannot represent the underlying temporal pattern within
the crowd motion.

Andrade et al. [3, 4] captures the temporal structure of the crowd by training hidden Markov
models on optical flow vectors. They demonstrate that their method is a good indicator of emergency

situations in simulated crowd flow data. Real-world crowded scenes, however, were not evaluated.
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1.3 Overview

In this dissertation, we demonstrate how a space-time model of the crowd motion may be learned
from a video of typical crowd activity and used as a scene-specific constraint to analyze videos of
crowded scenes. Specifically, we explore what information can be leveraged from the crowd model
to address three challenges in the video analysis of crowded scenes. Our contributions are organized

as follows:

Space-Time Model of Crowd Motion In Chapter 2, we present a novel space-time statistical
model for representing the underlying structured pattern of the crowd motion. We start by
representing the motion in each local space-time region (i.e., the local motion pattern) with a
directional distribution of optical flow. By doing so, we encode the possibly complex motions
pedestrians can exhibit within crowded scenes by the uncertainty in the optical flow. Next, we
train a collection of hidden Markov models (HMMs) over the local motion patterns in order
to learn the multi-modal and dynamically varying crowd motion. The collection of HMMs
represents the spatially and temporally varying motions that can occur in crowded scenes, and

does so without identifying or tracking each pedestrian.

Anomaly Detection In Chapter 3, we train our model of the crowd motion on videos of typical
crowd behavior to represent the steady-state or “usual” motion of the crowd. We then detect
local unusual events in videos of crowded scenes by identifying local motion patterns that
statistically deviate from the learned model. Since our model is trained on a video of the
same scene, the detected unusual events are scene-specific, meaning that our method may be
tailored to each specific environment. In addition, our space-time model allows us to detect

unusual events that are specific to the location within the frame.

Tracking In Chapter 4, we leverage the crowd motion to estimate the movement of each individual
within the scene. Specifically, we use our model as a space-time prior for tracking individuals
through videos of crowded scenes. We predict the local motion pattern that describes the

movements of pedestrians at each space-time location of the video. We then use this prediction
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as a prior on the state-transition distribution of a particle filter to track the individual. Using
our unique model yields a prior that changes spatially and temporally over the video, enabling

accurate tracking of individuals moving through the dynamically changing scene.

Conformance To The Crowd In Chapter 5, we leverage our model to explore the relationship
between the individual and the crowd. Specifically, we measure how much each pedestrian
conforms to the flow of the crowd. To achieve this, we use the crowd motion to estimate
the future locations of pedestrians, and treat this as an indicator of where they intend to
move. We then compare this to the instantaneous optical flow to measure the conformance of
the pedestrian to the crowd. Low conformance indicates that a pedestrian is deviating from
the crowd, often causing crowd-based methods to degrade. In such cases, we demonstrate
that conformance may be used to dynamically adjust our motion prior for tracking and as an

indicator of unusual events.

Finally, in Chapter 6, we summarize our contributions and discuss future work.
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Chapter 2: Crowd Motion Model

2.1 Introduction

We begin by representing the crowd motion with a spatially and temporally varying statistical model.
In the absence of other pedestrians, individuals move in straight lines towards their destinations.
In higher densities, however, they naturally form organized structures (i.e., emergent behaviors) to
utilize the available space and achieve a higher flow [44]. Such behaviors form visual structures
(such as lanes or clusters) that can be identified as global motion patterns by grouping trajectories
or optical flow vectors [32]. The motion of pedestrians within these structures, however, may still
vary significantly and introduce noise. To overcome these challenges, we model the crowd motion
as a dynamically evolving structure of local motion patterns, eliminating the need to track each
pedestrian while efficiently representing their various motions.

Fig. 2.1 shows an overview of our model. First, as shown in Fig. 2.1(a), we divide a training
video into spatio-temporal sub-volumes, or “cuboids,” defined by a regular grid. Second, as shown in
Fig. 2.1(b), we model the motion of pedestrians through each cuboid (i.e., the local motion pattern)
with a 3D directional distribution of optical flow. Next, as shown in Fig. 2.1(c), we train a hidden
Markov model (HMM) over the local motion patterns at each spatial grid location. The hidden
states of the HMMs encode the multiple possible motions that can occur at each spatial location.
The transition probabilities of the HMMs encode the time-varying dynamics of the crowd motion.
We represent the crowd motion by the collection of HMMs, encoding the spatially and temporally

varying motions of pedestrians that comprise the entire crowd motion.

2.2 Comparison with Related Work

Here, we compare our model with other methods that are designed specifically for crowded scenes.
Our model has three unique characteristics that distinguish it from over other methods. First, our

model is varies in space as well as time. Second, we model the crowd motion by starting with local
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Figure 2.1: An overview of our model of the crowd motion.

motion patterns. This enables the model to scale with the modality of different crowd behaviors,
rather than the number of pedestrians. Finally, since our model is based on hidden Markov models,
it may be learned from an example video of the scene and used to analyze videos of the same scene
recoded at a different time.

Ali and Shah [1, 2] use “particle advection” to analyze the motion of the crowd. Specifically, they
average the optical flow over a video clip, and advance particles through the flow fields to measure
the crowd dynamics. Their approach assumes that the crowd does not change over time. In contrast,
the hidden states in our collection of HMMs represent the multi-modal motions that exist in videos
of crowded scenes. In addition, Ali and Shah analyze the crowd in a single video clip. We train our
model on an example of typical crowd behavior, and then use it to analyze videos of the same scene
recorded at a different time.

Other work represent the multi-modal motions that may occur within the scene, but do not

)

encode the temporal relationship between them. Mehran et al. [55] use “streaklines,” a concept from
hydrodynamics, to segment videos of crowds and track pedestrians. Though streaklines encode some
temporal information, Mehran et al. do not model the dynamics between consecutive streaklines
motion of the crowd. Similarly, the correlated topical model from Rodriguez et al. [62, 64] encodes
the multi-modal motions, but disregards the relationship between motions that co-occur.

Other work estimate global motion patterns from videos of crowds. Hu and Shah [33] cluster

optical flow vectors in similar spatial regions to estimate motion patterns. Such work is applicable

CHAPTER 2: CROWD MOTION MODEL 2.2 COMPARISON WITH RELATED WORK
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to scenes where the motion of the crowd has large, stable patches of heterogeneous flow. In contrast,
we represent the motion in small, space-time areas with a local motion pattern and capture the
dynamically varying heterogeneous crowd with a collection of HMMs.

Andrade et al. [3, 4] also use a collection of hidden Markov models to represent the crowd motion.
The observations to the HMM are vectors of pixel locations and optical flow estimates. While these
may be viewed as a form of local motion patterns, they do not directly encode the variability
in motion that can occur due to poor texture or aperture problems. In contrast, our directional
distributions of optical flow directly encode the uncertainty in the optical flow estimate as we later

demonstrate.

2.3 Local Motion Patterns

First we seek to represent the motion in each cuboid in the video volume, i.e., the local motion
patterns. The optical flow can be reliably estimated when the cuboid contains good texture and
motion in a single direction with constant velocity. The motion in cuboids from real-world crowded
scenes, however, may be difficult to estimate reliably. A cuboid may contain complex motion,
i.e., motion exhibited by two objects moving in multiple directions or a single object that changes
direction or speed. In addition, cuboids may contain little or no texture and have indeterminable
motion due to the aperture problem. To handle these different cases, we model each local motion
pattern with a directional distribution of optical flow whose variance encodes the uncertainty in
the motion estimate. To achieve this, we first discuss the relationship between the spatio-temporal
gradients and the motion within the cuboid. We then use the characteristics of the spatio-temporal

gradients to estimate a distribution of optical flow vectors.
Spatio-Temporal Gradients
Let VI(z,y, f) be a 3x1 vector of image gradients estimated in the horizontal, vertical, and temporal

directions, respectively, at 2D pixel location (x,y) and frame f. Horn and Schunck [30] show the

relationship between the spatio-temporal gradient and the optical flow q = [u, v, 1]T by the constraint

CHAPTER 2: CROWD MOTION MODEL 2.3 LocAL MOTION PATTERNS
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Vi(z,y, f)Tq=0. (2.1)

Since q has two unknowns, the problem of estimating q from a single gradient estimate is ill-posed.

Often, it is assumed that the flow is constant in the space-time area around (z,y, f), and sur-
rounding gradients are used to estimate the optical flow q. Let {VI;Ji=1...N} be a set of N
spatio-temporal gradients (we have dropped z,y, f for notational convenience) computed at the

different pixel locations of the cuboid. Assuming that the flow over all N points is constant, then

vif
T
0

VIl [a=| : . (2.2)
0

vig

Multiplying both sides by [VI,..., VIy]| yields the more compact form

0
N
Y VILVIIq=| 9 | . (2.3)
0
The 3 x3 matrix
N
G=)> VILvI], (2.4)

is known as the structure tensor [76].

The solution to Eq. 2.3 (i.e., the estimate of the optical flow q) is the eigenvector q = [Gz, gy, (jt]T

of G with the smallest eigenvalue [76]. Assuming the change in time is 1,

CHAPTER 2: CROWD MOTION MODEL 2.3 LocAL MOTION PATTERNS
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Figure 2.2: The shape of space-time gradients characterizes the motion within the cuboid.

Fig. 2.2 shows the spatio-temporal gradients for three different cuboids: one with good texture
and uniform flow, one with complex motion, and one with poor texture. The shape of a cuboid’s
spatio-temporal gradients characterizes the motion within the cuboid. As shown in Fig. 2.2(a),
cuboids containing motion in a single direction have spatio-temporal gradients that are coplanar.
This plane is orthogonal to the 3D optical flow q [76] since the dot product between q and any
gradient is 0 as stated in Eq. 2.1. Cuboids containing complex motion result in a spatio-temporal
gradients that are not coplanar (Fig. 2.2(b)) and tend to exhibit a spherical or ellipsoidal shape.
Finally, cuboids containing poor texture (Fig. 2.2(c)) have spatio-temporal gradients that lie near
the origin.

In our previous work [42, 43] we represent each local motion patterns by a 3D Gaussian dis-

tribution of spatio-temporal gradients. Each local motion pattern is defined by the mean vector

_ 1 &
VI = Z \f (2.6)

and a covariance matrix

1 T
= G- VI, VI, (2.7)

The 3D Gaussian representation encodes the motion within the cuboid by the shape of the spatio-
temporal gradients, but retains appearance information in the form of the spatial gradients (i.e.,

the first and second dimensions of VI and X). As a result, the crowd motion model has a high
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Figure 2.3: Illustration of estimating a distribution of optical flow vectors from spatio-temporal
gradients.

dimensionality and requires longer training data to capture different appearance variations. We
exploit this appearance information to aid in tracking [43], but note that removing appearance
information results in a more compact and accurate model. Next, we present a more compact

representation based on directional distributions of optical flow.

Directional Distributions

We use the shape of the spatio-temporal gradients to estimate a directional distribution of 3D optical
flow vectors that describe the possible motions that can occur inside of the cuboid. As illustrated
in Fig. 2.3, we consider a spatio-temporal gradient VI; that is not on the plane defined by the 3D
optical flow vector q. Such a point suggests that the actual motion within the cuboid may be in
another direction

VI; xqx VI

= < Vi 2.
ViT VI < q % VI (28)

where x is the cross-product. Note that v; is orthogonal to VI;, and thus satisfies the optical flow
constraint in Eq. 2.1 for VI;.
As shown in Fig. 2.3(b), the distribution {v;|i=1,..., N} exists on the unit sphere. A natural

representation is the von Mises-Fisher distribution [54]

p(v) = %ﬁ)exp {I{HTV} , (2.9)

CHAPTER 2: CROWD MOTION MODEL 2.3 LocAL MOTION PATTERNS



16

—
.

(a) Uniform Motion (b) Complex Motion (¢) No Motion

Figure 2.4: The variance of optical flow characterizes the motion with each cuboid.

where p is the mean direction, ¢(k) is a normalization constant, and k£ > 0 is a real number known
as the concentration parameter.

We represent the local motion pattern within each cuboid by estimating a a von Mises-Fisher
distribution to the possible optical flow vectors {v;|i=1,..., N}. Mardia and Jupp [54] show that

the sufficient statistic for estimating p and & is

N
r= Nzi:v,», (2.10)
and thus
1
= —r. 2.11
B (2.11)
They also show that
1
——— if|r| > 0.9
_ ) A=irf)
K= (2.12)

A3*(|r])  otherwise,

where

As(|x]) = coth(|x]) —ﬁ . (2.13)

In our implementation, we use the tabulated data from Mardia and Jupp [54] to compute A3 (|r]).

As illustrated in Fig. 2.4, the concentration parameter x characterizes the uncertainty in the

optical flow estimate within the cuboid. Cuboids containing motion in a single direction have a
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Figure 2.5: Graphical model of the hidden Markov model.

high concentration parameter, yielding a narrow distribution. Cuboids with complex motion have
a wide distribution, indicating that motion may occur in different directions. Cuboids with little or
no texture have distributions across the entire sphere, indicating that motion may be occurring in
any direction.

In summary, each local spatio-temporal motion pattern O is defined by a mean 3D optical flow

vector p and a concentration parameter x that encodes the uncertainty of the estimate.

2.4 HMMs of Local Motion Patterns

Now that we have a representation of the local motion patterns, we model a collection of hidden

Markov models (HMMS) to represent the spatially and temporally varying crowd motion.

2.4.1 Overview of Hidden Markov Models

We briefly introduce hidden Markov models (HMMs) to provide the necessary background for future
sections. We refer to Rabiner [60] for a complete introduction.

Fig. 2.5 shows the graphical model of an HMM. The shaded circles represent the observed vari-
ables, and the white circles represent the latent variables. The latent variables {s;|t =1,...,T} of
the HMM are assumed to follow the Markov property: each latent variable depends on the previous.
We only consider first degree models, where each latent state is dependent on the single previous one.
Given the latent variables, the observed variables {O|t = 1,...,T} are conditionally independent.

In HMMs, the latent variables are discrete, taking on one of J values. Each HMM is defined by a
Jx1 initial state probability vector m, a JxJ state transition matrix A, and the emissions densities

{p(O¢lst=7)17=1,...,J}. The likelihood of starting in a specific state j is encoded by the initial
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probability vector

w(j) = p(s1=17). (2.14)

The likelihood of transitioning from state ¢ to state j is represented by the state transition matrix

A(i, j) = p(sen =jlst=1) . (2.15)

The emission densities can take on various forms, and we discuss our formulation in Sec. 2.4.2.

A key problem in HMMs is to compute the likelihood of an observation sequence {Oy,...,Or}.
This is achieved efficiently using dynamic programming by the Forwards-Backwards algorithm [60].
We review the forwards step here, as we use it extensively in this work. Let b; be a J x 1 vector of

likelihoods where

b:(j) = p(Ot|st=7) . (2.16)

In the forwards step, dynamic programming is used to compute the message

at(j):p(st:j7017"'a0t) ) (217)
where Oq,...,0; are the observations up to time t. After the first observation, the message is
initialized

a1 (j) = b1 (j)m(j). (2.18)

Subsequent messages are computed by the update

J
a(j) = by(j) Zat_la)A(i,j)- (2.19)

Often a; is scaled by it’s magnitude after each update to avoid numerical problems. This yields the

posterior

Gy (j) = =p(s5:=j[01,...,04) . (2.20)
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After the backwards step of the Forwards-Backwards algorithm, we may compute the full posterior

v:(j) = p(s:=4|01,...,0r) (2.21)

which is used during training to update the parameters of the HMM.
An important aspect of the forwards step is that it may be computed online. When each new
observation O; becomes available, the new posterior &; may be computed efficiency by Eq. 2.19. We

use this characteristic of HMMs in our applications to retain the possibility of online operation.

2.4.2 Emission Densities Over Local Motion Patterns

Next, we turn our attention to the form of the HMM’s emission densities {p(Oy|s;=j) |j=1,...,J}.
Each observation O; = {u,, k;} is a local motion pattern, defined by a 3D mean optical flow vector
p, and concentration parameter x;. Often complex observations are quantized using a codebook,
making the emission densities discrete. This can decrease the training time, but reduces the amount
of information represented by each emission density.

Rather than quantizing our local motion patterns, we analytically model the emission densities
by imposing priors over p, and k. To achieve this, we consider pu, and s, statistically independent

such that

pP(Otlsi=7) = p(pg|se =J)p(kelse=7) - (2.22)

We model p(k¢|s;=7) as a Gamma distribution defined by a shape parameter a’ and scale parameter
¢7. We model p(u,|s; =7j) as a von-Mises Fisher distribution (i.e., the conjugate prior on p, [53])
defined by a mean direction ,u% and concentration parameter ) . We provide evidence that p, and
k¢ follow these distributions in Sec. 2.5.2.

Training the HMM’s is achieved using the Baum-Welch [60] algorithm. During training, the
posteriors v, from Eq. 2.21 are used to update the emission density parameters {ué,né,aj,ej }.

Updating ,u% and lig is similar to fitting von Mises-Fisher distributions as discussed in Sec. 2.3. The
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average observed vector

)=t — (2.23)

is used to compute the mean direction

) 1 .
o]
and concentration parameter
1 e
W — (1 — |rol) (2.25)

AFY(Ird])  otherwise,

as in Sec. 2.3. There is no closed-form solution to estimating a’, and thus we use the numerical
technique from Choi and Wette [20]. Given an estimate of @’ maximum likelihood is used to estimate

the scale

=t (2.26)

As discussed in Sec. 2.3, our previous work [42, 43] defines the local motion pattern O; by
the parameters VI, and X,. We again emphasize that such a representation results in a higher

dimensional model, but we review the formulation for completeness. Each emission density is

1

p(Olsi=j) = ol

—d (0y, P;)?

2
2c7j

exp , (2.27)

where P; is the expected local motion pattern, o; is the standard deviation, and d (+) is the Kullback-

Leibler (KL) divergence [45]. The expected motion pattern P; = {VI;, X;} is computed during
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Figure 2.6: Frames from video of crowded scenes that we analyze in this dissertation.

training by

T —
Z’Yt(j)VIt
vVi; = v, (2.28)
Z’)’t(j)
t
= =T 1 r = =T
Y, = VLV +—=——Y %) (E+VLVI,). (2.29)

Nt
Z ¥:(4)
t
The variance o is computed using the maximum likelihood.

2.5 Results

2.5.1 Crowded Scenes

Fig. 2.6 shows frames from eight videos of crowded scenes that we use for different applications in
this dissertation. Videos of the concourse 2.6(a) and sidewalk 2.6(c) scenes are courtesy of Nippon
Telegraph and Telephone Corporation. The faces in the these two scenes have been blurred to conceal
identities. The sidewalk 2.6(c) and intersection 2.6(d) scenes are from the UCF Crowd Dataset [1].
The platform 2.6(e) and escalator 2.6(f) scenes are from Radke et al. [19]. The street 2.6(g) scene

is from Mehran et al. [56], who also provide the synthetic video of a crowd interacting shown
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(c) UMN3

Figure 2.7: Frames from the UMN crowd dataset [73] (top) and the UCSD crowd dataset [72]
(bottom) that have low densities.

in 2.6(h). Except the two scenes from the Nippon Telegraph and Telephone Corporation, the videos
are available from the respective authors.

The density of the crowds, as well as the relative size of pedestrians, varies among the different
scenes. The concourse and ticket gate scenes contain high density crowds captured at a near view.
The sidewalk and street scenes are also captured at a close view, but are less dense. All four of these
scenes contain pedestrians moving in an unstructured environment, resulting in a large variation
of possible local motion patterns. The intersection, platform, escalator, and synthetic scenes all
contain inherent structure: pedestrians are moving in specific directions due to the environment.
Such scenes still contain variability due to the individuality of pedestrians.

Fig. 2.7 shows frames from five more scenes of crowds that have a low density. The first three
(2.7(a)-(c)) are from the University of Minnesota (UMN) crowd dataset [73]. For each scene, the

authors provide a number of clips of “normal” crowd behavior where pedestrians walk around, and
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Figure 2.8: The longitude plot (a) of w is near linear, suggesting that p follows a von Mises-
Fisher distribution. The histogram (b) for x resembles a gamma distribution.

then artificial instances of crowd panic where pedestrians run out of the scenes. The other two
scenes (2.7(d) and 2.7(e)) are from the University of California San Diego (UCSD) dataset [72].
These real-world scenes have low density crowds, but the authors provide ground truth for unusual
events. The low density in such scenes make it difficult to learn a structured pattern, but we are

still able to achieve significant results as we later demonstrate.

2.5.2 HyperParameter Experiments

Here, we investigate our assumption regarding the priors we apply to the local motion pattern pa-
rameters k and p. We use a clip from the concourse scene (containing over 200,000 cuboids) to
investigate the form of these distributions. Mardia and El-Atoum [53] show that the conjugate
prior on the mean direction p is also a von Mises-Fisher distribution. Fig 2.8 shows the longi-
tudinal plot [54] of p for all of the cuboids. The plot is near linear, suggesting that the vectors
are symmetrically distributed about the mean direction and do indeed follow a von Mises-Fisher
distribution [54].

Fig. 2.8(b) shows a histogram of « from the example video, which resembles a Gamma distribution
(plotted in red), but is a poor fit for small values. This is acceptable, however, since extremely small

values of k (such as those less than 5) indicate wide distributions (i.e., unknown motion) and may
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be considered equivalent. Bangert et al. [7] present a conjugate prior for k, but it does not reflect
the histogram in Fig. 2.8(b).

Next, we investigate the independence of £ and p independent. Previous work [7] also assume
that x and p are independent, but do not provide evidence. To achieve this, we estimate histograms
of k and p and compute the mutual information. We discretize p using a geodesic sphere with
162 faces. The mutual information is 0.08, which is reasonably low suggesting we may model the

parameters independently.

2.6 Summary

In this chapter, we have presented a model of the crowd motion that can be learned from a video of a
crowded scene. By basing the model on local motion patterns in the form of directional distributions,
the model is indifferent to the number of pedestrians within the scene. Instead, the complexity of the
model depends on the modality of the different flows that occur at each spatial location, an inherent
characteristic of the heterogeneous motion of the crowd. In addition, by training a collection of
hidden Markov models, our method captures the crowd dynamics that vary in space and time.
Next, we explore how to leverage this model for specific video analysis tasks on crowded scenes. We
will show that in each application the space-time model of local motion patterns provides a drastic

improvement over other methods.
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Chapter 3: Unusual Event Detection

3.1 Local Deviations from the Crowd

In this chapter, we demonstrate that the crowd motion can represent the steady-state (i.e., the
typical motions of pedestrians) within the crowd. Specifically, we leverage the scene-wide model of
the crowd motion to detect unusual events in local areas of the scene.

Unusual event detection is a key application in automatic surveillance systems. The sheer num-
ber of surveillance cameras deployed produces an abundance of video that is often only viewed
after an incident occurs. By automatically detecting disturbances within the scene, the automatic
surveillance system can alert security personnel as soon as an incident occurs. While large-scale
unusual events, such as stampedes, incidents of violence, and crowd panic, are a primary motivation
for automatic video surveillance, they are not the only disturbance that may need to be detected in
crowded scenes. Detecting local unusual events (consisting of only a few of the scene’s constituents)
is also a challenging problem, especially in very crowded scenes since they can easily go unnoticed
or disguised due to the heavy clutter within the scene.

We detect local unusual events by training our model on a video of typical crowd activity (thereby
encoding the steady-state of the crowd), and then identifying local motion patterns from a different
video of the same scene that statistically deviate from the learned model. Our model allows us
to detect unusual events that occur on the cuboid level, consisting of one or multiple pedestrians.
Since we train our model on a video of typical crowd behavior, the detected unusual events that are
specific to the scene that is being analyzed. In addition, our space-time model enables the detection
of unusual events that are specific to the location within the video frame. We demonstrate that
our method detects subtle yet important events in high-density crowds, such as motion against the

usual flow of traffic or a lack of motion in otherwise high motion areas.
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3.2 Comparison with Related Work

Many approaches to detecting unusual events model each undesirable event explicitly [16, 24], but
this requires all the possible unusual events to be known a priori. The large amount of variability
in crowded scenes makes specifically modeling each event extremely difficult, if not impossible. In
addition, such an approach scales poorly as each event increases the computation time required for
detection. In contrast, we use our crowd model to represent the usual activity within the scene, and
detect unusual events as local motion patterns that deviate from the learned model.

Ali and Shah [1] segment the crowd into spatial areas with homogeneous motion. New segments
that occur from pedestrians moving in different directions are identified as unusual events. Het-
erogeneous crowds or those captured at a near-view, however, exhibit many different motions that
naturally evolve over time. In other words, the changes in the motion of pedestrians detected by Ali
and Shah [1] can well be part of the usual state of the crowd.

Mehran et al. [56] measure the “social force,” i.e., the influence of the crowd, on the pedestrian
and then detect anomalous frames using Latent Dirichlet Allocation. Their measure of social force
is the difference between the instantaneous optical flow and the optical flow averaged over a fixed
window of time. Since they average the optical flow over the video clip, long unusual events (i.e.,
those that span the entire clip) are considered typical activity. In contrast, we train our models
on a video of typical behavior, and use them to detect unusual events in videos of the same scene
recorded at a different time.

Mahadevan et al. [51] use mixtures of dynamic textures to identify anomalies in surveillance
videos. Using dynamic textures, however, retains appearance variations which can introduce noise
into the model and degrade results. In addition, the dynamic textures are computed over the entire
frame, requiring a saliency measure to identify where in the frame the anomaly occurred. We

compare our results with that of Mahadevan et al. [51] in Sec. 3.4.2.
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3.3 Local Unusual Events

The collection of HMMSs represent the underlying steady-state motion of the crowd by the spatial and
temporal variations of local motion patterns. We seek to identify if a specific local motion pattern
from a different video of the same scene contains unusual pedestrian activity. For the purpose of
this work, we consider a local motion pattern unusual if it occurs infrequently or is absent from
the training video. We derive a probability measure of how much a specific local motion pattern
deviates from the crowd motion in order to identify unusual events.

Deviations from the HMM are caused by either an unlikely transition between sequential local
motion patterns or a local motion pattern with low emission probabilities. We identify unusual local

motion patterns by thresholding the conditional likelihood

ﬁ:p(0t|01,...,OT) (31)

where T is the last local motion pattern in the video clip. Exploiting the statistical independence

properties of the HMM yields

J
Te = Zp(Ot‘St:j)’)’t(j) ) (3:2)
J
where -, is the posterior p(s; = j|O1,...,0r) computed from the Forwards-Backwards algorithm

(see Eq. 2.21). The posterior v, encodes the expected latent state given the temporal statistics of the
crowd, and decreases T; when there is an unlikely transition. The emission likelihoods p(O;|s; =)
are low for all values of j when O; was absent from the training data.

Computing 7T; requires the entire video clip to be available. In a real-world system, unusual
events need to be detected as they occur. To achieve this, we use the predictive distribution to

compute an alternative measure

J
T =Y p(Olsi=5)éu(j) (3.3)
J
where &; is the posterior p(s;=34|O1,...,0) computed during the forwards phase of the Forwards-
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Figure 3.1: Detection results of pedestrians moving against the crowd.

Backwards algorithm (see Eq. 2.20). The estimate T only requires the local motion patterns up to
time t to be available, but does not consider the transition out of the observation at time ¢. As such,
some cuboids are incorrectly classified but anomaly detection can be performed online. We compare
the results of both measures in Sec. 3.4.

Often, the crowd can display different modalities at different spatial locations of the scene. For
example, some areas may regularly contain no motion, while others contain motion in multiple
directions. As a result, the ideal threshold value may change with the spatial location. We account

for this by dividing our likelihood measure 7~§ by the average likelihood of the training data.

3.4 Results

After training these models on videos of consistent crowd motion, we detect unusual movements
of pedestrian in query videos of the same scene recorded at a different time. For this chapter, we
detect anomalies in the concourse and ticket gate scenes. The length of training videos varied for
each example between 540 and 3,000 frames, depending on the specific example. We use cuboids of

size 30 x 30 x 20 for the ticket gate scene and 40 x 40 x 20 for the concourse scene.
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Figure 3.2: Detection of no motion in otherwise high motion areas.

3.4.1 Detected Unusual Events

Fig. 3.1 shows successful detection of unusual movements of pedestrians in local areas. True positives
(i.e., detected unusual events) are shown in blue, false positives in pink, and false negatives in red.
Fig. 3.1(a) shows three successful detections of pedestrians in the concourse scene moving from left
to right against the regular crowd traffic. The training video used for the examples consists of
pedestrians moving in many different directions, but not from the left side of the scene to the right.
Fig. 3.1(b), from the ticket gate scene, shows three detections of pedestrians reversing directions in
the turnstiles. These examples illustrate the unique ability of our approach to detect irregular local
motion patterns within a crowded scene comprised of diverse movements of pedestrians. In addition,
these examples illustrate that our approach is scene-specific: the unusual events that are detected
in the ticket gate scene (i.e., moving from the bottom to the top of the frame) are usual activity in
the concourse scene.

The type of detected events depends entirely on the training data. Fig. 3.2 shows detection of
areas lacking movement in otherwise high-motion areas. Since the training video contains typical
crowd motion, the lack of pedestrians (e.g., the empty turnstiles in Fig. 3.2(b) or visible background
in Fig. 3.2(a)) deviate from the model. This dependency on the training data is not only expected, it
is desirable. It allows users of our approach to decide which particular local movements of pedestrian
they consider usual by including it in the training video. Note also that the detection is location
specific: the areas that typically lack motion (upper corners in both frames) are correctly classified
as usual.

Fig. 3.3 shows the receiver operating characteristic (ROC) curves (generated by varying the
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Figure 3.3: Anomaly detection receiver operating characteristic curves for 11 clips.

likelihood threshold) for all of the clips. Our approach performs with significant accuracy on each
of the example videos. The clip C7 contains multiple simultaneous unusual events, which are more
difficult to detect accurately.

Fig. 3.4 shows the detection accuracy (the average of the true positive rate and the true negative
rate) using the online likelihood measure (computed from «) compared with the full likelihood
measure (computed from ). The online method performs comparably to the offline method in all
but one clip (C4). This clip contains a single pedestrian moving against the crowd, and is shown
in the bottom left of Fig. 3.1(a). In this case, the extra temporal information yields more accurate

results due to the subtle nature of the unusual event.

3.4.2 Comparison to Other Methods

It is important to distinguish crowded scenes that lack temporal variations, such as those shown in

Fig. 3.5 from Ali and Shah [1], from those with significant variations in local motion patterns. The
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Figure 3.4: Detection accuracy using online and offline method for 11 clips.

movement of pedestrians in the concourse and ticket gate scenes varies dramatically over different
areas of the frame and throughout the video. To illustrate this difference, Fig. 3.5(c) shows the crowd
flow segmentation of Ali and Shah [1] on an 80 frame clip of the ticket gate scene. The different
movements of pedestrians produce diverse flow vectors that drastically affect the segmentation.
Areas with a large amount of variations, such as the lower left of the scene, are over-segmented
and do not reflect the motion of the crowd. Distant areas of the scene are in under-segmented,
disregarding the diverse possible motions of the pedestrians before they enter the ticket gate.

Fig. 3.6 shows our detection result of “unstable” crowd activity in the videos used by Ali and
Shah [1]. The local motion patterns in these scenes lack the temporal variations present in dy-
namically varying crowded scenes. In addition, the unusual events in these videos are artificial
modifications of the training video. As a result, our method has high detection accuracy.

Fig. 3.7 shows the detection accuracy on 9 clips from the UCSD dataset [72]. We use the results
of Mahadevan et al. [51] posted on the web [52] for comparison. Our approach achieves a higher

detection accuracy for all of the clips. Fig. 3.8 shows detection results using our method and that of
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(a) (b) (c)

Figure 3.6: Detection of unstable crowd activity in videos from Ali and Shah [1].

Mahadevan et al. [51]. The dynamic textures and saliency measure used by Mahadevan et al. [51]
is unable to localize the unusual event with high accuracy. In contrast, our method classifies each
individual cuboid, resulting in a higher number of correctly classified cuboids.

Fig. 3.9 shows the effects of increasing the training data size for video C1. As expected, the
performance increases with longer training data, and achieves good performance with 100 observa-
tions, or 2,000 frames of video. Using only 50 observations the model achieves significant accuracy
with a false positive rate (ratio of false positives to total negatives) of 0.17 and a true positive rate
(ratio of true positives to total positives) of 0.88. This strong performance with few observations di-
rectly results from the crowd’s high density. Since the scene contains a large number of pedestrians,

significant variations in local motion patterns occur even in short video clips.
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Figure 3.7: Detection accuracy on the UCSD dataset using our method compared with that
of Mahadevan et al. [51].

3.5 Summary

In this chapter, we demonstrated how our model may be used to represent the steady-state, i.e.,
the typical spatio-temporal variations in motion, of the crowd. To this end, we presented a method
for identifying local unusual events as statistical deviations. Since our model can be learned from
an example video, our method detects anomalies that are specific to the scene being analyzed. In
addition, the detected unusual events are location specific: they depend on where in the scene the
anomaly occurs. Next, we explore how the crowd motion model may be leveraged as an indicator

of an individual’s motion.
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(a) (b)

Figure 3.8: Example detection results using our method (a) and that of Mahadevan et
al. [51] (b).
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Figure 3.9: Effects of increasing training data.
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Chapter 4: Tracking Individual Pedestrians

4.1 Using the Crowd to Track Individuals

In this chapter, we demonstrate how the crowd motion can be leveraged to indicate the movement
of a single pedestrian. Specifically, we use the scene-wide model of the crowd as a prior to track
individuals.

Tracking objects or people is a crucial step in video analysis with a wide range of applications
including behavior modeling and surveillance. The complex motions of pedestrians and lack of
visible background make tracking in crowded scenes difficult. To overcome these challenges, we
use our model of the crowd motion to predict the motion of individuals moving through videos of
crowded scenes. We use the crowd motion to predict local motion patterns in videos containing the
pedestrian that we wish to track. Next, we use the predicted local motion pattern as a prior on the
state-transition distribution in a particle filter framework. We show that our approach accurately
predicts the motion that a target will exhibit during tracking. By use our space-time model, we
achieve more accurate tracking results compared with previous methods that disregard temporal

information.

4.2 Comparison with Related Work

Previous tracking work are mostly object-centric, based on the modeling of the motion and ap-
pearance of the target individual. Recent work extend these methods to handle crowded scenes
by deriving a robust appearance model of each individual. A representative approach by Zhao et
al. [81] tracks multiple pedestrians in videos of crowds by modeling the camera, human shapes, and
the background’s appearance. Though improved accuracy can be achieved by a more descriptive
model of each tracked target, the large amount of partial occlusions and significant variations in
the movement of pedestrians in videos of dense crowds still present significant challenges to such

approaches.
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Techniques that track multiple objects, such as that of Hue et al. [35], detect interest points
within each frame to describe the objects within the scene. Tracking is performed concurrently on
all of the objects by establishing correspondences between the points in different frames. As noted
by Khan et al. [40], a single point may be shared between multiple targets and present ambiguity
to the tracker. Shared points are often the result of motion boundaries or clutter, both of which
occur frequently in videos of crowded scenes. Rather than associating points between frames, our
approach predicts the motion a single target will exhibit between frames. Khan et al. [39] model
the interaction among the interest points to improve the tracking of each object. Due to the large
number of pedestrians within crowded scenes, modeling the interaction among and the separate
motion of individual objects is intractable. By using a scene-centric model of the crowd motion we
can track an individual without explicitly modeling each moving object.

Ali and Shah [2] track pedestrians in videos of crowded scenes captured at a distance using a
number of “floor fields” that describe how a pedestrian should move based on scene-wide constraints.
Their sink-seeking and boundary floor fields, which describe the exit points and motion-boundary
areas of the frame, respectively, impose a single likely direction at each spatial location of the video.
In contrast, we model the crowd motion as a temporally evolving system that allows for any number
of likely movements in each space-time location of the video. Though their dynamic floor field allows
for some variation with the moving pedestrian, it is computed using frames after the current tracking
position. Our approach uses the previously observed frames of the video to predict the motion of
the target, allowing it to operate online. We compare the results of our method to that of Ali and
Shah in Section 4.6.

Rodriguez et al. [62] use a topical model to represent motion in different directions at each spatial
location. This approach imposes a fixed number of motion directions at each spatial location, but
disregards the temporal relationship between sequentially occurring local motions that videos of
crowded scenes naturally exhibit. In addition, Rodriguez et al. quantize the optical flow vectors
into 10 possible directions, while our approach uses a full distribution of optical flow for a more

robust and descriptive representation of the motion of tracked targets. Such a coarse quantization
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limits tracking in crowded scenes to only a few directions. A finer quantization results in diminishing
returns (as discussed by Rodriguez et al. [62]). We directly compare the results of our method to

that of Rodriguez et al. [62] in Section 4.6.

4.3 Predicting Motion Patterns

We train our model of the crowd motion on a video of a crowded scene containing typical crowd
behavior. Next, we use it to predict the local motion patterns at each location of a different video of
the same scene. Note that, since we create a scene-centric model based on the changing motion in
local regions, the prediction is independent of which individual is being tracked. In fact, we predict
the local motion pattern at all locations of video volume given only the previous frames of the video.

Given a trained HMM at a specific spatial location and a sequence of observed local motion
patterns Oq,...,0;—1 from the query video, we seek to predict the next local motion pattern
O, = {fa;, k¢ } that will occur. We achieve this by computing the expected value of the predic-

tive distribution, i.e.,

0, =E[p(0i[Os,..., 0 1)] . (4.1)
Via marginalization
J J
P(0t|O1,...,0p1) = ZP (Orlse=7) ZP (st=4lst—1=1)p (st-1=1|O1,...,0p-1) . (4.2)
j i

Note that p (s;—1 =i|O1,...,0;_1) is the posterior &;_; computed during the Forwards-Backwards
algorithm [9] (see Eq. 2.20), and p (s;=j|st—1 =1) is defined by the HMM’s state transition matrix

A. As such, the second summation in Eq. 4.2 may be represented by

and

J
Ot = Z]E [P (O¢lss=j)]w:(j) - (4.4)
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Thus O, is a weighted sum of the expected local motion patterns defined by each emission density.
As discussed in Sec. 2.4.2, each emission density p(O|s;=3) is defined by four parameters

{ ué, ﬂé, a’, 67 } Using the mean of the Gamma and von Mises-Fisher distributions
E[p (Orlsi=4)] = {h.a'0} . (4.5)

i.e., a local motion pattern with mean direction ,u% and concentration parameter a’67. Thus the

predicted local motion pattern O, is defined by mean direction

and concentration parameter

Re =Y wi(j)a’t’ . (4.7)

J
During tracking, we use the previous frames of the video to predict the local motion pattern
that spans the next M frames (where M is the number of frames in a cuboid). Since the predictive
distribution is a function of the HMM’s transition probabilities and the hidden states’ posteriors,
the prediction may be computed on-line and efficiently during the forward phase of the Forwards-

Backwards algorithm [60].

4.4 Bayesian Tracking

We now use the predicted local motion pattern to track individuals in a Bayesian framework. Specif-
ically, we use the predicted local motion pattern as a prior on the parameters of a particle filter.
Our model of the crowd motion, i.e., the collection of HMMs, enables these priors to vary in the
space-time and dynamically adapt to the changing motions within the crowd.

Tracking can be formulated in a Bayesian framework [36] by maximizing the posterior distribution
of the state x; of the target at frame f given past and current measurements z1.; = {z;[i = 1... f}.

Note that the index of each frame f is different from the temporal index t of the local motion
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Figure 4.1: We use the predicted local motion pattern to impose a prior on the motion of the
pedestrian through the space-time volume.

patterns (since the cuboids span many frames). We define state xy as a four-dimensional vector

[z, y,w, h]T containing the tracked target’s 2D location (in image space), width, and height, respec-

tively. Tracking is performed by maximizing the posterior distribution

P(Xf|Z1:f) OCP(Zf|Xf)/P(Xf|Xf71) P(Xf—1|Z1:f—1) dxy_1, (4.8)

where z is the frame at time f, p(xf|xy_1) is the transition distribution, p(z¢|xs) is the likeli-
hood, and p(xy_1|2z1.7-1) is the posterior from the previous tracked frame. The transition distribu-
tion p (xf|xy_1) models the motion of the target between frames f—1 and f, and the likelihood
distribution p (zs|xs) represents how well the observed image z; matches the state xy. Often, the
distributions are non-Gaussian, and the posterior distribution is estimated using a Markov chain
Monte Carlo method such as a particle filter [36] (please refer to [5] for an introduction to particle
filters).

As shown in Fig. 4.1, we impose priors on the transition p(xf|xy_1) distribution using the
predicted local motion pattern at the space-time location defined by xy_;. For computational
efficiency, we use the cuboid at the center of the tracked target to define the priors, although the

target may span several cuboids across the frame.
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4.4.1 Transition Distribution

We use the predicted local motion pattern to hypothesize the motion of the tracked target between
frames f—1 and f, i.e., the transition distribution p(xs|xs_1). Let the state vector xy = [k;}r, dﬂ !
where ky = [z, y] is the target’s location (in image coordinates) and dy = [w, h] is the size (width
and height) of a bounding box around the target. We focus on the target’s movement between
frames and use a second-degree auto-regressive model [59] for the transition distribution of the size
d; of the bounding box.

The transition distribution of the target’s location p (k¢|ks_1) reflects the 2D motion of the
target between frames f—1 and f. We model this using the von Mises-Fisher distribution defined
by the predicted local motion pattern Oy = {fi,, %} at space-time location ky_1. In the particle
filter, a set of N sample locations (i.e., particles) {k}_1|i =1,...,N} are drawn from the prior
p(xs_1|2z1.71). For each sample k}fp we draw a 3D flow vector v =[v, v}, vi] from the predicted
local motion pattern at space-time location k}fl. We use these 3D flow vectors to update each

particle
P =K+ val i : (4.9)
vy /v
Note that k; plays a key role in this step: distributions with a large variance will spread the particles
over the frame, while those with a small variance (i.e., determinable flow) will keep the particles
close together.
In summary, we use the predicted local motion pattern as the transition distribution at the space-

time location of the target. By doing so, the state-transition distribution is robust to unreliable flow

estimates and dynamically adapts to the space-time dynamics of the crowd.

4.4.2 Likelihood Distribution

Typical models of the likelihood distribution maintain a template 7' that represents the target’s
characteristic appearance in the form of a color histogram [59] or an image [2]. A template T' and

the region R (the bounding box defined by state xy) of the observed image z; are used to model
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the likelihood distribution

1

—d(R,T)*
p(zflxs) = 7 &P —dRT)

S | (4.10)

where o is the variance selected empirically, d(-) is a distance measure, and Z is a normalization
constant.

Rather than using color histograms [59] or intensity [2] as the defining characteristic of an in-
dividual’s appearance, we model the template T as an image of the individual’s spatio-temporal
gradients. This representation is more robust to appearance variations caused by noise or illumina-
tion changes. We use a weighted sum of the angles between the spatio-temporal gradient vectors in

the observed region and the template to define the distance measure

M
d(R,T)= Z pi arccos (t] ;) , (4.11)

K2

where M is the number of pixels in the template, t; is the normalized spatio-temporal gradient
vector in the template, r; is the normalized spatio-temporal gradient vector in the region R of the
observed image at frame f, and p{ is the weight of the pixel at location ¢ and frame f,

We model changes in the target’s appearance by estimating the weights {p{|z =1,..., M} in
Eq. 4.11 during tracking. Specifically, pixels that change drastically (due to the pedestrian’s body
movement or partial occlusions) exhibit a large error between the template and the observed region.
We estimate this error Elf during tracking to account for a pedestrian’s changing appearance. The

error at frame f and pixel ¢ is
f— T... _ f-1
E] = aarccos (¢ ;) + (1— ) B 7", (4.12)

where « is the update rate (set to 0.05) and t, and r; are again the gradients of the template

and observed region, respectively. To reduce the contributions of frequently changing pixels to the
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distance measure, we use the error at frame f and pixel i to compute the weight

ol = % (r— &), (4.13)

where Z is a normalization constant such that ), plf =1.
To account for changes in appearance, the template is updated each frame by a weighted average

also using o = 0.05.

4.5 Gaussian Local Motion Patterns

As discussed in Sec. 2.3, we use directional distributions to represent the local motion patterns but
our previously published tracking work [43] used 3D Gaussian distributions. Here, we show how to
predict local motion patterns using the Gaussian representation, and how to use them to hypothesize
the state transition distribution. In addition, since there is some appearance information in the 3D
Gaussian representation, we can impose a prior on the likelihood distribution p (xf|z1.5) as well. We
emphasize that, in practice, the directional distributions result in more accurate predictions with a
lower dimensional model, but we detail the use of Gaussian distributions for completeness.
If the 3D Gaussian representation is used, the expected value of the emission probability p (O;|ss = 7)

is the local motion pattern P; = {Wj, flj} Therefore, the predicted local motion pattern (defined
by Vlt and flt) is a weighted sum of the set of 3D Gaussian distributions associated with the HMM’s

hidden states

J

VI = > wi(j)VI;, (4.14)
J

~ —~ ~T J ~ _ —T

S = VLV +Y w(j) (zj+v1jwj), (4.15)

J

where wy is the prediction weight given in Eq. 4.3.

The state transition distribution is normal and defined by

p(kslkr-1) =N (ky —ks15u,A), (4.16)
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where u is the 2D optical flow vector and A is its covariance matrix. We estimate the parameters
u and A from the predicted local motion pattern at the space-time location containing k¢_;. First,

we construct the predicted structure tensor
~ ~ =~ =T
G=X+VLVI,, (4.17)

which we use to estimate the optical flow as in Eq. 2.3.

Next, we estimate the covariance matrix A of the 2D optical flow from the same predicted
structure-tensor matrix G. The 3D optical flow q is orthogonal to the plane containing the space-
time gradients. The ordered eigenvalues A1, Ag, A3 of G encode a confidence of the optical flow
estimate [76]. If the video volume contains a single dominant motion vector and sufficient texture,
then G is close to rank 2 and A3 <€ A1, 2. We model the confidence in the optical flow estimate as
inversely proportional to its variance, and thus consider the eigenvalues of G inversely proportional
to the eigenvalues of A. If G is close to full rank, then the gradients are not co-planar and the
3D optical flow may vary in the primary directions of the gradient distributions (i.e., the other
eigenvectors of é) The optical flow vector u is a projection of the 3D optical flow q onto the plane
f = 1. We let the eigenvectors of A be the projection of the other two eigenvectors v; and vy of
G onto the same plane. This encodes uncertainty in the primary directions of the spatio-temporal

gradients. Therefore, we estimate A by

20

A= | v, vh (4.18)
)\.
0 52

where v{ and v}, are the projections of v and vy onto the plane f = 1. The 2D covariance matrix
A implies a larger variance when the optical flow estimate is poor, and a smaller variance when the
optical flow estimate is reliable.

Next, we use the predicted local motion pattern as a prior on the likelihood distribution p (zf|x ).

Specifically, we hypothesize the variance o2 (in Eq. 4.10) to account for further variations in the
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pedestrian’s appearance (i.e., due to the individual’s natural body movement or partial occlusions).
Intuitively, tracking a pedestrian whose appearance changes frequently requires a larger variance to
account for more variation and avoid drift. Alternatively, tracking a pedestrian whose appearance
changes infrequently benefits from a smaller variance for more accurate results. Similar to the

2 using the predicted local motion pattern at the space-

transition distribution, we hypothesize o
time location that the state xy_; occurs. The covariance of the predicted local motion pattern is a

3 x 3 matrix

Ozz Ozy Ozxz

3, = (4.19)

Oyz  Oyy Oyz
Oz Ozy Oz
of spatio-temporal gradients. We consider o, (i.e., the variance of the temporal gradient) represen-
tative of the amount of appearance change that occurs within the cuboid: temporal gradients from
frequent appearance changes have a larger variance. The degree of change, however, depends on the
appearance of the specific target. Intuitively, targets with a large amount of texture will naturally
exhibit local motion patterns with larger values of o,,. Thus, we consider ¢,, proportional to the
variance o2 of the likelihood distribution, and estimate it by

0? =CoZ,,

(4.20)

where C'is a scaling factor selected empirically (typically results are satisfactory letting C' = 50).
To summarize, using the 3D Gaussian representation allows us to dynamically adjust the likeli-
hood distribution to account for appearance variations. The excess appearance information stored

in the 3D Gaussian representation, however, causes the predicted optical flow to be less accurate.

4.6 Results

We evaluate our method on videos of four scenes: the concourse and ticket gate scenes, and the
sidewalk and intersection scenes from the UCF dataset [1] (see Sec. 2.5.1 for example frames). We

use a sampling importance re-sampling particle filter as in [36] with 100 to 800 particles (depending
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) Concourse (b) Ticket Gate ) Sidewalk ) Intersection

Figure 4.2: The angular error between the predicted optical flow vector and the observed
optical flow vector for all scenes.

on the subject) to estimate the posterior in Eq. 4.8. We train a collection of HMMs on a video of
each scene, and use it to track pedestrians in videos of the same scene recorded at a different time.
The training videos for each scene have 300, 350, 300, and 120 frames, respectively. The training
videos for the concourse, ticket gate, and sidewalk scenes have a large number of pedestrians moving
in a variety of directions. The video for the intersection scene has fewer frames due to the limited
length of video available. In addition, the training video of the intersection scene contains only a
few motion samples in specific locations, as many of the pedestrians have moved to other areas of
the scene in that point in time. Such sparse samples, however, still result in a useful model since
most of the pedestrians are only moving in one of two directions (either from the lower left to the
upper right, or from the upper right to the lower left).

Due to the perspective projection of many of the scenes, which is a common occurrence in
surveillance, the sizes of pedestrians varies immensely. As such, the initial location and size of the
targets are selected manually. Methods for automatically detecting pedestrians and their sizes [21, 47|
may be used to automatically initialize our method.

The motion represented by the local motion pattern depends directly on the size of the cuboid.
We use a cuboid of size 10 x 10 x 10 on all scenes so that a majority of the cuboids are smaller
than the space-time region occupied by a moving pedestrian. By doing so, the cuboids represent the
motion of a single pedestrian but still contain enough pixels to accurately estimate a distribution of
optical flow vectors.

We measure the accuracy of the predicted local motion patterns by the angle between the pre-
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Figure 4.4: An example of the changing predicted optical flow.

dicted flow ji; and the observed optical flow. Fig. 4.2 shows the angular error averaged over the
entire video for each spatial location in all four scenes. Dark areas indicate low error, and white areas
indicate high error. The sidewalk scene contains errors in scattered locations due to the occasional
visible background in the videos and close-view of pedestrians. Similarly, the closer locations in the
ticket gate scene contain higher variability, and thus have a higher error.

Fig. 4.3 shows the predicted optical flow, colored by key in the lower left, for four frames from
the sidewalk scene. Pedestrians moving from left to right are colored red, those moving right to left
are colored green, and those moving from the bottom of the screen to the top are colored blue. As
time progresses, our space-time model dynamically adapts to the changing motions of pedestrians
within the scene as shown by the changing cuboid colors over the frames. Poor predictions appear
as noise, and occur in areas of little texture such as the visible areas of the sidewalks or pedestrians
with little texture.

Fig. 4.4 shows a specific example of the changing predicted optical flow on six frames from the

sidewalk scene. In the first two frames the predicted flow is from the left to the right, correctly
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corresponding to the motion of the pedestrian. In later frames the flow adjusts to the motion of
the pedestrian at that point in time. Only by exploiting the temporal structure within the crowd
motion are such dynamic predictions possible.

Fig. 4.5 shows a visualization of our tracking results on videos from each of the different scenes.
Each row shows 4 frames of our method tracking different targets whose trajectories are shown up
to the current frame by the colored curves. The different trajectories in the same spatial locations
of the frame demonstrate the ability of our approach to capture the temporal motion variations of
the crowd. For example, the green target in row 1 is moving in a completely different direction than
the red and pink targets, although they share the spatial location where their trajectories intersect.
Similarly, the pink, blue, red, and green targets in row 2 all move in different directions in the
center part of the frame, yet our method is able to track each of these individuals. Such dynamic
variations that we model using an HMM cannot be captured by a single motion model such as a
“floor fields” [2]. Spatial variations are also handled by our approach, as illustrated by the targets
concurrently moving in completely different directions in rows 5 and 6. In addition, our method is
robust to partial occlusions as illustrated by the pink target in row 1, and the red targets in rows 3,
5, and 6.

Fig. 4.6 shows a failure case due to a severe occlusion. In these instances our method begins
tracking the individual that caused the occlusion. This behavior, though not desired, shows the
ability of our model to capture multiple motion patterns since the occluding individual is moving in
a different direction. Other tracking failures occur due to poor texture. In the sidewalk scene, for
example, the occasional viewable background and lack of texture on the pedestrians cause poorly-
predicted local motion patterns. On such occasions, a local motion pattern that describes a relatively
static structure, such as black clothing or the street, is predicted for a moving target. This produces
non-smooth trajectories, such as the pink and red targets in row 5, or the red target in row 6 of
Fig. 4.5.

Occasionally, an individual may move in a direction not captured by the training data. For

instance, the pedestrian shown on the left of Fig. 4.7 is moving from left to right, a motion not
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Figure 4.5: Frames showing our method of tracking pedestrians in videos crowded scenes.
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Figure 4.7: Tracking of pedestrians moving against the crowd.

present in the training data. Such cases are difficult to track since the space-time model can not
predict the pedestrian’s motion. On such occasions, the posteriors (given in Eq. 4.3) are near
identical (since the emission probabilities are all close to 0), and thus the predicted optical flow is
unreliable. This does not mean the targets can not be tracked, as shown by the correct trajectories
in Fig. 4.7, but the tracking depends entirely on the appearance model. We address this shortcoming
in Chap. 5 by measuring how much pedestrians deviate from the crowd.

We hand-labeled ground truth tracking results for 40 targets, 10 from each scene, to quantitatively
evaluate our approach. Each target is tracked for at least 120 frames. The ground truth includes
the target’s position and the width and height of a bounding box. The concourse and ticket gate
scenes contain many pedestrians whose lower bodies are not visible at all over the duration of the
video. On such occasions, the ground truth boxes are set around the visible torso and head of the
pedestrian. Given the ground truth state vector k;, we measure the error of the tracking result k;
as |[k; — kq||o-

Fig. 4.8 shows the error of our method for each labeled target, averaged over all of the frames

in the video, compared to a particle filter using a color-histogram likelihood and second-degree
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Figure 4.8: Tracking error using our approach compared with a second-degree auto-regressive
model and using only our transition distribution with a color-based likelihood.

auto-regressive model [59] (labeled as Perez). In addition, we show the results using our predicted
state-transition distribution with a color-histogram likelihood (labeled as Transition Only). On many
of the targets our state transition distribution is superior to the second-degree autoregressive model,
though 9 targets have a higher error. Our full approach improves the tracking results dramatically
and consistently achieves a lower error than that of Pérez et al. [59].

Fig. 4.9 compares our approach with the “floor fields” method by Ali and Shah [2] and the topical
model from Rodriguez et al. [62]. Since the other methods do not change the target’s template size,
we only measured the error in the x,y location of the target. Our approach more accurately tracks
the pedestrian’s locations in all but a few of the targets. The single motion model by Ali and Shah
completely loses many targets that move in other directions. The method of Rodriguez et al. [62]

models multiple possible movements, and thus achieves better results than the method of Ali and
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Figure 4.9: Tracking error of our approach compared with that of Ali and Shah [2], and
Rodriguez et al. [62].

Shah, but is still limited since it does not include temporal information. Our temporally varying
model allows us to track pedestrians in scenes that exhibit dramatic variations in the crowd motion.

Fig. 4.10 shows the tracking error over time, averaged over all of the targets, using our approach,
that of Ali and Shah [2], and that of Rodriguez et al. [62]. The consistently lower error achieved
by our approach indicates that we may track subjects more reliably over a larger number of frames.
Our temporally varying model accounts for a larger amount of directional variation exhibited by the

targets and enables accurate tracking over a longer period of time.

4.6.1 Using Gaussian Local Motion Patterns

Using the Gaussian representation of local motion patterns retains some appearance information,

but reduces the accuracy of the predicted optical flow. The advantage of using the Gaussian repre-
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Figure 4.10: The average error of targets over time using our approach, that of Ali and
Shah [2], and Rodriguez et al. [62].

sentation, however, is that we may dynamically adjust the likelihood distribution. Fig. 4.11 shows
frames of a target during tracking and the variance of the likelihood distribution that we hypothesize
from the predicted local motion patterns. The frames shown in the top row are indicated on the
plot by blue boxes. When the target’s appearance changes, for instance due to the partial occlusions
on frames 56, 112, and 201, the variance is larger. The target’s appearance has less variation in
frames 29, 71, 154, and 171, and the hypothesized variance is also lower, allowing for more accurate

tracking due to a narrower likelihood distribution.

4.7 Summary

In this chapter, we demonstrated how a model of the crowd motion may be leveraged as a scene-

specific constraint on the motion of individuals. Specifically, we used the crowd motion to predict a
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Figure 4.11: An illustration of our dynamically varying likelihood model.

local motion pattern at each space-time location of the video, which we used as a prior on a particle
filter to track individuals. Since our model varies in the space-time, the prior on tracking changes

depending on the video, vastly improving state-of-the-art tracking in crowded scenes.
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Chapter 5: Deviations from the Crowd

5.1 Individuality

Previously we demonstrated how the scene-wide crowd motion can be leveraged for analysis of
specific locations (Chap. 3) and individuals (Chap 4). In this chapter, we explore the relationship
between the crowd and the individual pedestrians.

Up to this point, we have assumed that each the crowd motion is a smooth pattern formed by
regularly occurring motions within the scene. Many crowd methods make simplistic assumptions
about the individuals’ motions, for instance, that they can be analytically expressed with hydro-
dynamics models [57]. Pedestrians, however, are individuals and do not necessarily follow such
analytical rules. Individuals constantly anticipate and react to others surrounding them, causing
pauses or changes in direction to avoid collisions. These interactions can be deviations from the
crowd model and cause the performance of crowd-based methods to degrade.

Often pedestrians that deviate from the flow of the crowd are reacting to an interruption (e.g.,
someone cutting them off) or congestion. In such cases, the pedestrian can not move in the direction
that then intend to move. Though knowing an individual’s intention is impossible, the crowd motion
encodes clues to where pedestrians wish to move. Still [68] notes that emergent behaviors (e.g., lanes
or clusters) form in crowds because it is easier “to follow immediately behind someone who is already
moving in your direction.” In other words, the motion of the surrounding crowd often suggests where
individuals intend to move.

In this chapter, we present a novel method for estimating how much a pedestrian conforms to
the crowd. We the crowd motion to estimate the direction pedestrians will move in the future. We
compare this “intended” motion to the instantaneous optical flow to measure conformance, i.e., how
much the pedestrian at that space-time location is moving with the flow of the crowd. Space-time
areas with low conformance contain pedestrians that deviate from the crowd, and cause crowd-based

methods to fail. We demonstrate how conformance may be used to dynamically adjust our tracking
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prior, enabling tracking of pedestrians who deviate from the crowd. In addition, we show how

conformance is an indicator of unusual events in local areas and over the entire crowd.

5.2 Comparison with Related Work

Most crowd-based vision methods model the dynamics of the crowd as a collection of individuals
obeying a set of analytical rules. Shah et al. [57], for example, treats each pedestrian as a particle in
a fluid. As noted by Still [68], however, many emergent behaviors that exist in crowds do not occur
in fluids. In contrast, we seek to measure how much each individual deviates from the crowd.

Mehran et al. [56] estimate the “social force,” i.e., the influence of the crowd, on each individual.
They use the instantaneous optical flow as intended velocity, and the average optical flow as the
pedestrian’s actual velocity. This assumption is not always valid: pedestrians tend to sway when
their motion is restricted [6, 29], suggesting the instantaneous optical flow does not indicate their
intended motion. As we show in Sec. 5.6, our method more accurately estimates the intended motion,
and therefore better represents the deviations a pedestrian has from the crowd.

Bruan et al. [13] explore individuality in a crowd simulation method. Each individual agent is
modeled using a measure of their altruism and their dependence on a group. Such characteristics,
however, are studied only in the context of emergency events and crowd panic. They do not ex-
amine the impact of individuality on the motion of pedestrians in typical crowd scenarios, or how
individuality plays a role in the formation of crowd dynamics.

It is worth noting the relationship of our measure to the “efficiency” presented by Helbing et
al. [26]. They measure efficiency by comparing the intended motion of each pedestrian to their
observed direction and velocity. Their measure, however, assumes that a pedestrian will not move
faster than their desired speed (e.g., in a panic situation) and thus is not well bounded. In addition,
they measure efficiency of each individual, rather than the image space measure that we propose.
Finally, and perhaps most significantly, is that their measure is strictly theoretical and assumes the
intention of each individual can be known. In contrast, our estimate of intention is based on the
crowd motion, and thus is poor if a pedestrian is moving against the flow of the crowd. This is

advantageous for our purpose: when pedestrians are moving against the crowd, their conformance
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is low. In Helbing’s model, such pedestrians may be moving efficiently but not conforming to the

crowd flow.

5.3 Conformance

We start by defining how to measure conformance, assuming that the intentions of pedestrians are
known. Sociologists Helbing and Vicsek [27] define the influence of surrounding pedestrians on an
individual as the interaction rate, which is inversely related to conformance. Rather than computing
how much the crowd influences each pedestrian, we estimate conformance at each space-time pixel
location in the video. By doing so, we may analyze the scene without having to identify or track
each pedestrian.

Let t be a time and p = [z, y]T a 2D pixel location in the video. Let the intended motion of

the pedestrian pedestrian (i.e., how they will move with the crowd) occupying pixel p at time ¢ be

defined by the 3D optical flow vector

w(p) = [Az, Ay, At]" | (5.1)

where Az, Ay, and At is the change in the horizontal, vertical, and temporal dimensions, respec-

tively, and |us(p)|=1. As in Sec. 2.3, diving by At yields the 2D optical flow

i, (p) = [Ax/At, Ay/AL]. (5.2)

Similarly, let v;(p) be the 3D instantaneous optical flow observed in the video.
We measure the deviation from the crowd flow by comparing the intended motion u;(p) with the
instantaneous flow v¢(p). As illustrated in Fig. 5.1(b), we use the great-circle distance to compute

the deviation

d(p) = e () vilp) | 6

™

Note that d;(p) is bounded by [1, 0]. We consider deviation inversely proportional to the conformance
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Figure 5.1: An example of measuring deviations from the crowd.

ct(p) =1 —di(p) - (5.4)

Since we represent motion using 3D optical flow vectors, these equations capture both differences
in direction (longitudinal variations across the unit sphere) and speed (latitudinal variations). To
compute this, however, we need the intended motion u;(p). Next, we describe how to use the crowd

motion to estimate u;(p).

5.4 Estimating Intended Motion

We use the trained HMMSs to estimate the intended motion at each space-time location of a different
video from the same scene. While it is impossible to know each individual’s intention, pedestrians
tend to follow others moving in the same intended direction [68]. As such, a pedestrian’s future
location within the scene is a reasonable indicator of where they intend to move, and how they will
move with the crowd. We estimate the future location of pedestrians at each spatial point p from
each time ¢ in the video.

We use the HMMs to anticipate future flow fields, and approximate future locations by numeric

integration. To anticipate future flow fields, we seek the posterior

Yk(]) = p(5t+k:j|01""30t) (55)
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that represents the likelihood of being in state j and time ¢ + k. In Sec. 2.4.1 we showed that given
the observed local motions patterns {Oq,...,0;} up to time ¢, the forwards step of the Forwards-

Backwards algorithm can be used to compute the posterior
&:(5) = p(se=7|01,...,04) . (5.6)
Using the transition matrix A of the HMM,
vi=[afar]" . (57)

Note that when k=1, Eq. 5.7 is equivalent to the predictive posterior in Eq. 4.3. We compute
K future densities {yx|k =1... K}. As k— 0o, Eq. 5.7 approaches the stationary distribution of
the Markov process (if it exists). We select K large enough to approach the stationary distribution
(typically 10 <K < 20).

Let f;, be a 3D optical flow vector representing the motion of the crowd at time k 4+ t. We

anticipate the flow

fr = E [p(1e1O1,- -, 01)] (5.8)

where p; ;. is the mean direction of the emission densities. Via marginalization

J
£, = Z]E [D( o plserk=1)] P(st4x=3]01,...,04) . (5.9)
j=1

Note that Eq. 5.9 is similar to the predicted local motion pattern used for tracking (Eq. 4.2), except
that we are only considering the flow (i.e., we have dropped the concentration parameter) and have

progressed k time instances instead of 1. The expected value E [p(pe, |s4+x=7)] is simply the mean
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Figure 5.2: We estimate future location of each pixel by advancing it through a 3D flow field
(color indicates speed and direction) anticipated by the crowd motion.

direction ug of the hidden state j. Thus

J
Z No}’k

f, = 7 (5.10)

J
Z QYk

where yj is the future density from Eq. 5.7.

Let f;,(p) be the future flow vector computed at spatial location p. We compute K future flow vec-
tors for each spatial location p € P in the video volume. The resulting flow field {fx(p)|p € P,1 <k < K}
represents the anticipated flow of the crowd.

As shown in Fig. 5.2, we estimate the future location of each point p starting at time ¢ by
advancing it through the anticipated flow field. Let fj, (p) be the 2D optical flow computed from
fi.(p) (using the normalization in Eq. 5.2), and pj the location of p at time k+¢. At k =0, po=p.

We advance the previous point to compute the next location
Pri1 = Di + Tk (Pr) - (5.11)

The final location pg indicates, according the crowd motion, the future location of the pedestrian
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occupying p. Finally, we compute the intended direction

u:(p) =Pk — P (5.12)
and the intended motion
1 T
w(p) = - [W(p)", K] (5.13)

where Z is a normalization constant such that |u;(p)| = 1.

5.4.1 Intended Speed Without Congestion

Our estimate of the intended motion indicates where a pedestrian will to move according to our crowd
model. Often, the crowd naturally moves slowly and thus the intended speed of the pedestrian is
small. In the absence of a crowd, however, the natural walking speed of pedestrians is near constant.
In some applications, knowing when pedestrians are not moving at their natural walking speed is
desirable. We provide an estimate of pedestrian’s natural walking speed, but note that in most
applications Eq. 5.13 is correct. We demonstrate some cases of identifying pedestrians who are not
moving in Sec. 5.6.

The walking speed of pedestrians has been well studied and is near constant if there is no
congestion. Zip’s [83] least-effort principle implies that pedestrians minimize metabolic energy when
walking at roughly 1.33 meters per second [25], which has been verified in observational studies [71,
28]. For scenes recorded at a distance, we may assume orthographic camera projection and thus a
constant intended speed can be estimated for all pedestrians. We approximate the intended speed as
the maximum observed speed in the training video. Intuitively, we are identifying the few instances
where pedestrians can move freely due to lulls in traffic or less-crowded areas. To address un-reliable
or erroneous flow estimates, we use Chauvenet’s criterion [18] to remove outliers.

As shown in Fig. 5.3, we estimate the intended speed in scenes with perspective projections by
observing the relationship between each longitudinal frame location. First, we identify the fastest 5%
of speeds measurements from each longitudinal frame location. Due to the perspective projection,

the speeds across the frame have near-linear relationship. We use least-squares to fit a line to the
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Figure 5.3: Estimation of intended speed in perspective scenes.

speed measurements to estimate the desired speed over the entire image. Outliers are also removed

using Chauvenet’s criterion. Finally, given intended speed s(p) and direction u;(p), we compute

T
,s<p>] (5.14)

Bl
<

where Z is a normalization constant such that |u,(p)| = 1.

5.5 Applications

5.5.1 Unusual Event Detection

The amount of pedestrians conforming to the crowd flow is a natural indicator of unusual activities.
Atypical motions (i.e., pedestrians moving against the crowd) appear as deviations in local areas,
and crowd disasters contain people moving irrationally. We identify global anomalies, i.e., affecting

a large portion if not the entire crowd, by low values of the average conformance

G — % S cilp) (5.15)

where P is the set of 2D pixel locations.

Next, we consider the problem of detecting local anomalies, such as individuals moving against the
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flow of the crowd. The conformance measure of such offenders will be low, and also cause deviations
from the flow in their immediate vicinity (as surrounding pedestrians must avoid them). Since the

steady-state of the crowd may differ between scenes, we compute the normalized conformance

a(p) = (5.16)

where Z(p) is the average conformance at spatial location p of the training data.

Let p; = [p, t] be the space-time point at pixel location p and time ¢. We identify the space-time
locations with low values of ¢:(p) using a space-time Markov random field (STMRF). Specifically,
we minimize the energy

5:

T
t=1

S Ve)+ > Qy.p) . (5.17)
p:EP yEN (pt)

where V(py) is the observation likelihood, Q(y, p;) is a smoothing term, and N (p;) is the six space-
time points in the neighborhood of the point p;. In our implementation, we use the library by
Szeliski et al. [70] that implements graph-cuts [11, 12].

Let g(p:) be the latent variable of the STMRF corresponding to the observation at point p;.

Each latent variable has two possible values

0 if ps is usual
9(pe) = (5.18)
1 otherwise.

The observation likelihood is

V(pt) = (w) otp) =1 (5.19)

1—2¢(p) otherwise.

We use a scaled delta function for the smoothing term

0 if g(ps) =
Oy, pt) = P =9 (5.20)

o otherwise
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where ¢ is the smoothing variance selected empirically.

Minimizing the energy of the STMRF corresponds to identifying space-time regions with unusu-
ally high deviations. Such deviations occur when the motion of a pedestrian is not in the training
data, i.e., an unusual event. Using our measure of conformance reduces many of the false positives

compared with our method in Chap. 3, but does not operate online.

5.5.2 Tracking

We have estimated how much an individual is conforming to the flow of the crowd. As such, we
may use it as a dynamic prior on the motion model in a particle filter for tracking pedestrians in
crowded scenes.

Object-centric methods [59, 36] assume pedestrians exhibit smooth motion and impose (often
first order) stochastic dynamics for the transition distribution p(ky|ks_1) of the particle filter. In
this spirit, we consider an individual’s local motion pattern {f R ¢} representing the motion from
the actual tracked target up to time f. We learn this distribution online, i.e., it is updated after
each tracking step. Specifically, at time f the previous locations of the target {kys_1,...,ko} are

known. We use them to compute the observed motion

T

s [[kf—l —kyo) 1] (5.21)

bf_l = Z

where Z is a normalization constant such that [by_q| = 1. We keep a running average of the observed

motion

by = abyi + (1 - a)ity ;. (5.22)

where « is a learning rate (we use 0.05). Next, we use the average to update the mean direction

fi; = = by (5.23)
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and the concentration parameter

if |by| > 0.9

Rp= (1= [bs) (5.24)

A7'(|bs|) otherwise,

as in Sec. 2.3. Thus the von Mises-Fisher distribution defined by {ft fo R +} represents the motion of
the individual being tracked.

Macroscopic crowd methods assume the crowd model yields an accurate prediction, and do not
perform well when pedestrians deviate from the crowd (i.e., areas of low conformance). Object-
centric methods struggle in areas without visible backgrounds (often high conformance). We use
the conformance c;(p) as an indicator of how much to trust the crowd motion model. Recall from
Sec. 4.4.1 that the transition distribution p(kslks_1) of the particle filter is modeled using the
predicted local motion pattern O, = {1, %;}. We combine this with the individual’s local motion

pattern {f R ¢} using conformance as a weight to form a conformance-aware distribution {u‘fc, n?}.

Specifically
kG =1 —cslkpo1)) iy + cp(kpo1)fe (5.25)
and
1 . _
ng = 7 [(1—cp(kp1)) iy +cr(ky_1)f) (5.26)
where Z is a normalization constant such that |u?| = 1. The resulting distribution {u‘f“/ﬁ‘fc} is

sampled from in the transition step of the particle filter during tracking. To summarize, when
cf(ky_1) is high the crowd motion is used, and when c¢s(ks_1) is low (indicating a deviation from

the crowd) the individual’s model is used.
5.6 Results

5.6.1 Examples of Deviations

Fig. 5.4 shows examples of pedestrians deviating from the crowd. Blue areas indicate high confor-

mance, while red areas indicate deviations. The yellow solid arrow is intended motion, and the green
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(a) Swaying due to Congestion

b) Avoiding an Oncoming Individual

(c) Pedestrians Moving Slowly

Figure 5.4: Examples of pedestrians deviating from the crowd flow.

dashed arrow the optical flow. Fig. 5.4(a) shows an individual from the platform scene changing
direction due to congestion. The individual’s intended direction is to the left, and they deviate from
the crowd when moving around other pedestrians. Fig. 5.4(b) shows pedestrians from the synthetic
scene from [56] avoiding an oncoming individual. Their intended direction is vertical, and confor-
mance decreases as they move to the side. In Fig. 5.4(c), from the concourse scene, we estimate the
desired speed of pedestrians assuming the crowd is not present. As such, the pedestrians at the top

of the frame are standing still and exhibit lower conformance than those moving in the lower left.
5.6.2 Accuracy
Since it is impossible to know a pedestrian’s intentions, we cannot directly measure the accuracy of

our estimated intended motion. We can, however, assume that pedestrians move in their intended

direction over time. Let {k|t=1...T} be a sequence of ground-truth tracking locations for a specific
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Figure 5.5: Angular error of our estimate of future direction for different pedestrians in six
different scenes.

Table 5.1: The average accuracy of our estimate of future direction compared with Mehran et

al. [56].

’ Scene \ Concourse \ Street \ Sidewalk \ Platform | Intersection | Escalator
Ours 0.042 0.086 0.006 0.048 0.010 0.001
Mehran et al. [56] 0.458 0.860 0.260 0.729 0.207 0.258

pedestrian. We measure the error

T i, (k)T |kipw — k

1 u(ky) t+w t

—Zarccos - [ - } , (5.27)
T Ketw — ki

where 1, is the estimated intended direction from Eq. 5.12, and w is a window size that depends on
the subject (typically the duration the subject is in the scene).

Fig. 5.5 shows the estimation error for a number of subjects from six different scenes. Each bar
indicates the error for a different individual. For almost all of the subjects the estimation error is
below 0.1 (about 6°). None of the error rates exceed 0.2 which is small given the resolution of the
video. The theoretical maximum error is 7, and thus at most the error is 0.2/7 = 6%.

Table 5.1 shows the average error for all scenes, and the error using the optical flow for the
intended motion as suggested by Mehran et al. [56]. Scenes with less structure, such as the concourse
or street, have higher errors due to the larger number of directions that pedestrians move. Compared

with Mehran et al. [56], our method achieves consistently lower errors.
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(a) (b) (c)

Figure 5.6: Visualization of conformance for the three scenes from the UMN dataset [73].
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Figure 5.7: The average conformance plotted over time for the three scenes in the UMN
dataset [73].

5.6.3 Impact on Unusual Event Detection

First, we detect global anomalies as frames with low average conformance on the University of Min-
nesota Crowd Dataset [73]. The dataset contains a number of usual and unusual video segments
from 3 different scenes. For each scene, we train the HMMs on a usual sequence, and estimate
conformance on the remaining sequences. A frame is considered unusual if its average conformance
is below a specific threshold that is selected empirically. Fig. 5.6 shows visualizations of the con-
formance for usual (top) and unusual activity (bottom) for all three scenes. The pedestrians in the
unusual frame (bottom) exhibit lower conformance than those in the usual frame (top).

Fig. 5.7 shows the average conformance plotted over time for each scene in the UMN data set.
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UCSD Detection Results
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Figure 5.8: Detection accuracy on the UCSD dataset using conformance, our method from
Chap. 3, and that of Mahadevan et al. [51].

The red points correspond to frames from usual activity, and the green points to unusual activity.
The conformance clearly drops during clips of unusual activity. We vary the threshold to compute an
ROC curve whose area is 0.92, compared with 0.96 in [56] and 0.99 in [61]. Our poorer performance is
due to the higher conformance at the beginning and end of each unusual sequence (where pedestrians
are moving normally) as visible in each graph in Fig. 5.7.

Fig. 5.8 shows the detection accuracy using conformance for 9 sequences compared with Ma-
hadevan et al. [51] and our previous approach from Chap. 3 (Crowd Only). We use the results of
Mahadevan et al. [51] posted on the web [52] for comparison. Using conformance to detect un-
usual events yields a higher accuracy rate than that of Mahadevan et al. [51], but only occasionally
out-performs our previous method.

Though conformance does not out-perform our previous method, it may be used to achieve a
more accurate localization of unusual events. Fig. 5.9 shows detection results on the concourse clip

using conformance and our previous approach from Chap. 3. Here, we use a smaller cuboid size
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Figure 5.9: Local unusual event detection (a) using conformance (b) compared with our
previous approach (c).

(20 x 20 x 5) to better localize the unusual event. As visible in Fig. 5.9(c), our previous approach
has some errors. Fig. 5.9(b) shows the conformance, which is clearly lower in the general area of the
offending pedestrians. As a result, the results of our conformance-based method (Fig. 5.9(c)) has

fewer errors.

5.6.4 Impact on Tracking

We quantitatively evaluate our tracking method using hand-labeled ground truth of targets. Given
a ground-truth location k, and tracking result k;, the tracking error is |lA<t — k| averaged over all
of the frames {¢t=1,...,T}. Fig. 5.10 shows the tracking error for a number of subjects using
conformance with our crowd-only method from Chap. 4 and that of Rodriguez et al. [62]. Table 5.2

shows the tracking error averaged over all pedestrians for each scene. With few exceptions, including
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Figure 5.10: Tracking error for multiple subjects using divergence compared with our crowd-

only model and that of Rodriguez et al. [62].

Table 5.2: The average tracking error of pedestrians in different scenes using divergence, our
crowd-only model, and the method of Rodriguez et al. [62].

Concourse | Street | Platform | Escalator | Intersection | Sidewalk
With Conformance 8.7 3.3 2.8 8.5 3.1 7.4
Crowd Only Model 6.8 47.6 17.3 24.8 3.56 9.9
Rodriguez et al. [62] 24.7 14.8 29.9 60.4 25.9 11.9

conformance in tracking yields comparable results on many scenes, and significantly lower error on
the platform, escalator, and street scenes where pedestrians deviate from the structured environment.

Pedestrians that deviate from the flow of the crowd present challenges to tracking. Since such
pedestrians naturally have low conformance, our method is able to track them. Fig. 5.11 shows two
tracking results using our conformance-based tracking and our crowd-only model. In both cases, the
pedestrian is moving against the crowd: the first is moving left to right, and the second is moving
towards the bottom of the frame. As shown in green, the crowd model assumes pedestrians are
moving with the crowd, drifts, and loses the target. The conformance-based method, shown in red,
is able to compensate for the anomaly and accurately track the targets. Fig. 5.12 shows the tracking
error for 16 anomalous targets using both methods. Using conformance achieves a consistently lower
error.

Fig. 5.13 shows the ratio of the tracking error using conformance compared with the error using
our method from Chap. 4 for different subjects. A high ratio (i.e., 1) indicates the errors are near
identical and adding conformance yields no improvement, while a low ratio indicates a high improve-

ment. The downward trend of the points is intuitive: using conformance to adjust the tracking prior
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Figure 5.11: Tracking results of anomalous pedestrians from the concourse (top) and UCSD
dataset (bottom) using conformance (red) and a crowd model (green).

vastly improves results when pedestrians deviate from the crowd, and performs similarly to crowd

models when pedestrians are moving with the flow.

5.7 Summary

In this chapter, we presented an automatic method for estimating the amount pedestrians deviate
from the learned crowd model. We demonstrated that the crowd motion can be leveraged to accu-
rately estimate the direction that pedestrians will travel over time. Comparing this estimate to the
observed optical flow yielded a measure of conformance to the crowd flow. By identifying low values
of conformance, we detected unusual crowd behavior on the global and local scale. In addition, we
demonstrated how conformance could be incorporated into our tracking method to handle cases of

pedestrians deviating from the crowd.
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Figure 5.12: Error in tracking anomalous pedestrians using only the crowd model and our
measure of conformance.
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conformance.
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Chapter 6: Conclusions

6.1 Summary

In this dissertation, we have explored how to learn the underlying structured pattern within videos
of crowded scenes, and how it may be leveraged as a scene-centric constraint for automatic video
analysis. To achieve this, we presented a novel statistical model based on local motion patterns that
represents the spatially and temporally dynamic nature of the crowd motion. We then explored what
information is encoded in our model while addressing three problems facing vision-based analysis of
crowded scenes. In each application, our framework enables accurate and robust analysis of videos
containing crowd activity too complex for conventional methods.

We first presented a method for learning the underlying structured pattern of the crowd. We
captured the characteristic spatial and temporal variations of motion in the crowd by training a
collection of hidden Markov models over local motion patterns. Each local motion pattern is a
directional distribution of optical flow vectors, encoding the uncertainty in motion that occurs in
real-world videos due to poor texture or complex motion. This holistic method captures the space-
time nature of the crowd without without identifying, modeling, or counting the pedestrians within
the scene.

When applied to unusual event detection, our model encodes the steady-state, i.e., typical be-
havior, of the crowd. Thus, we detected unusual events by identifying local motion patterns that
statistically deviated from the learned model. This approach does not rely on knowing each possible
activity ahead of time, only the spatio-temporal variations that comprise the “usual” crowd activity.
The results show our method accurately detects local unusual events in videos of complex, crowded
scenes that contain a significant number of pedestrians. A primary advantage of our method is the
ability to detected subtle events occurring in specific locations within the scene. Such detection is of
practical use in real-world surveillance applications that need fine-grained analysis beyond detecting

crowd disasters. In addition, it can be tailored to a specific scene or activity that the surveillance
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operator wishes to analyze.

Next, we demonstrated that the crowd motion could be leveraged to predict the movement of a
single pedestrian, and we used this information as a prior for tracking individuals. Since our model
encoded the temporal statistics between local motion patterns, we accurately predicted distributions
of optical flow at each space-time point in the video. This predicted flow served as a prior on a particle
filter that changed dynamically over the space-time video volume. Using a spatially and temporally
changing prior enabled state of the art tracking results on scenes that cause other crowd-based
methods to fail.

Finally, we leveraged our model to measure how much pedestrians conform to the flow of the
crowd. We demonstrated that the crowd motion encodes clues to the future locations of pedestrians,
which we used as an estimate of where they intend to move. By comparing this estimate to the
instantaneous optical flow, we measured the conformance of pedestrians throughout the video. This
measure represents the impact that individuality can have on the motion of the crowd. In this spirit,
we demonstrated how to further improve tracking results for pedestrians that deviate from the crowd
model. Experimental results demonstrate accurate and robust tracking may be achieved on complex
scenes where crowd-only or object-only methods degrade. Additionally, we showed how deviations
from the crowd correspond to both local and global unusual events. This work bridges the gap
between crowd-centric and object-centric methods, and provides a means to study the relationship

between individuals and the crowd that they comprise.

6.2 Future Work

We conclude with a brief discussion of future work.

Crowd disasters are a primary motivation for the study of crowd dynamics and crowd simulation.
In this dissertation, we have advanced the field of automatic, vision-based crowd analysis. It remains
to be seen, however, how this work can impact the inverse problem of crowd simulation especially
with regards to evacuation dynamics. One immediate application of our crowd model could be
the estimation of parameters for simulation techniques in an effort to make them more realistic.

In addition, the cooperation between vision and simulation has the potential to impact real-world
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scenarios. Crisis intervention, for example, may be viewed as a two step process: use vision to
observe the current crowd dynamics and simulation to anticipate if a crisis is likely to occur. After
anticipating crisis situations, disasters can be avoided by changing the environment or redirecting
the crowd flow.

In this dissertation, we have explored crowded scenes of pedestrians which naturally exhibit an
underlying latent structure. Many of our assumptions are based on the fact that we are analyzing
humans. We believe that our basic approach (i.e., learning statistical models over local motion
patterns) has applications in other scenes that contain large numbers of constituents and dynamically
varying patterns. Many forms of wildlife, for example, flock together and form collective, global
structures. While biologists have studied these behaviors, few if any have used vision techniques.
By automatically analyzing the behavior of wildlife we may achieve a greater understanding of
behavior, migration patterns, and social structures. We believe that our latent models, learned
from real-world complex videos, can play a pivotal role in analyzing the complex behaviors of such
animals.

Finally, we believe our crowd methods have the potential to impact autonomous navigation
systems in public areas. Navigation planning through public areas has vast applications for assisting
the vision and mobility impaired as well as advancing the current state of autonomous robots.
Security cameras continuously capture the state of the environment and may be used to augment
already existing navigation techniques. We believe our crowd analysis framework can play a key role
in monitoring and anticipating the motion of pedestrians in crowded areas, enabling such systems

to seamlessly and efliciently navigate through the crowd.
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