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ABSTRACT

The vast accumulation of digital data requires new classes
of applications that impact a computer user’s life. We are
investigating computing platforms that can deliver
enough performance for these future workloads to enable
their use in mass-market applications. Recognition,
Mining, and Synthesis (RMS) are three key classes of
workloads that distill enormous amounts of data. Among
these is Computer Vision (CV), an important workload
that will greatly benefit from future architecture and
algorithm innovations.

We illustrate these innovations by introducing and
characterizing some of the most common CV agorithms
and applications. We focus on (1) algorithms for Gaussian
mixture models, (2) particle filtering (condensation
filtering), and (3) optical flow/motion estimation, which
are key ingredients of many modern CV algorithms. We
also discuss computer vision applications, such as video
surveillance, autonomous (intelligent) vehicles and driver
assistance systems, entertainment and augmented reality,
and smart health care.

We chose a complete video surveillance application as a
representative case study for a complex CV workload.
Video surveillance is one of the most resource-demanding
CV applications that has wide-spread application. We
analyze an entire pipeline of a video surveillance system
to obtain computation and bandwidth characteristics.

Our characterization of individual CV algorithms as well
as complete CV systems can be used to guide algorithm
researchers to develop new algorithms that run faster on
existing and future computing platforms. Furthermore, we
hope that it will raise the awareness of the application
developers to optimize their programs. It will also provide
input data for architects to develop future computing
platforms that run these workloads more efficiently.

INTRODUCTION

The amount of data in the world is doubling every three
years. This includes data found on the Web, in our
personal albums, and digitadl music collections, etc.
However, these data are usually not organized efficiently
and not used to their full extent. For example, we might
spend hours opening images we have on our hard-drives
(assuming they are till stored in the hard-drive without
losses) to look for one image of ourselves with a
particular person. Looking forward, three fundamental
processing capabilities: Recognition, Mining, and
Synthesis (RMS), will be the key to future data
processing, and Computer Vision (CV) is one of its main
workloads.

This paper is organized as follows. In “Trends in
Computer Vision Workloads,” we discuss the key
algorithms and applications of CV workloads, as well as
current trends. In “Introduction to the Video Surveillance
System,” we study in more detail one of the most
representative CV workloads: video surveillance. We first
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describe the complete pipeline of a video surveillance
system and itsindividual components, and then we present
results from workload analysis of the video surveillance
system. We conclude with a summary of our findings and
future research opportunities.

TRENDSIN COMPUTER VISION
WORKLOADS

Key Algorithms of Computer Vision
Workloads

Computer Vision (CV) algorithms can be categorized as
low-level image-processing techniques and high-level
analysis techniques. Image-processing techniques include
filtering, and feature extraction, which have been
extensively studied and are thus not elaborated on in this
paper. High-level analysis usually involves probability-
based approaches. We discuss the Gaussian mixture
model, and particle filters, since these are used extensively
in tracking and motion analysis.

We believe the trend in CV agorithms is moving towards
higher level analyses (such as semantics), which make
extensive use of probability-based techniques. Probability-
based agorithms are our main focus. We start with
discussing probability distribution models. We then
discuss multi-model data fusion from color images, the
integration of color video and range data, and the
integration of face images, fingerprint images, and iris
images.

Gaussian Mixture M odel

In order to track an object in the scene, knowledge about
what the object looks like is needed. Such knowledge is
described by the statistical distribution of the region of
interest (which could be the foreground object or the
background). The Gaussian mixture model is used widely
to describe the region of interest [1]-[6], and has been
incorporated into a variety of algorithms for tracking and
recognitionin CV.

A Gaussian mixture model with M components is
described as a sum over Gaussian probability
distributions:

p(x\Obj): i nmN(x, U, 02l )
m=1

where U, is the mean of component M, O, is the

variance of component M, and 77, is the weight of

component M. By applying the Estimation-
Maximization (EM) algorithm, the Gaussian mixture
model parameters can be trained.

Particle Filter/Condensation Filter

The particle filtering agorithm is a sequential Monte
Carlo method. The algorithm is powerful in
approximating non-Gaussian probability distributions,
and it has a wide range of applications including object
tracking in CV [7][8][9]. Particle filtering is based on
sequential importance sampling and Bayesian theory. It
models the data distribution by random sample measures
composed of particles, that are samples from the space of
the unknowns, and their associated weights.

There ae two man steps in  the algorithm:
selection/updating and mutation/prediction. The first step
selects the particles for reproduction. The particles
representing the most likely parameter candidates are the
ones most likely to be selected. During this step, heavy
particles generate new ones, while light particles are
eliminated. The second step allows each particle to evolve
according to a given transition probability kernel. The
pictorial description of the algorithm is shown in Figure 1.
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Figure1: A pictorial description of particlefiltering
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Similarly, in using random samples to estimate
distribution, Markov Chain Monte Carlo (MCMC) is also
often used. References can be found in [10][11].

Optical Flow/M otion Estimation

Optical flow estimation is a technique used to compute
the apparent image motion field of the scene. Besides
tracking objects, the motion field is useful for extracting
objects from video sequences. When there is discontinuity
in the motion field, it often means there are different
depths of pixels and the depth discontinuities may
correspond to the outlines of different objects. An
introduction to optical flow can be found in [12][13], and
its application to road detection can be found in [14].
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Key Computer Vision Applications and
Opportunities

Digital video recording devices are now ubiquitous in our
daily lives. They are mounted indoors in offices,
hospitals, and outdoors in parking lots and intersections.
Some vehicles even have cameras recording passengers
and the surroundings of the car. Massive amounts of
video data are collected by these “digita eyes” CV
technologies can add intelligence to these digital eyes,
adding “brains’ to these imaging devices.

With both digital eyes and brains, CV can be a very
useful tool: it can be used for video surveillance,
entertainment/augmented reality applications,
autonomous vehicles and driver assistance systems,
robotics, and smart health care. With the rapid growth in
CV, we believe more innovation in this field is inevitable.
We now discuss these CV applications.

Video Surveillance/Security

Video surveillance addresses red-time observation of
humans or vehicles in some environment (indoor,
outdoor, or aeria), leading to a description about the
activities of the objects with the environment or among
the objects. It is used mostly for security monitoring, as
well as traffic flow measuring, accident detection on
highways, and routine maintenance in nuclear facilities,
etc. Interested readers can refer to [17][18].

From a workload analysis perspective, video surveillance
is one of the most interesting CV applications. The reason
is twofold. First, a complete video surveillance system
consists of foreground segmentation, object detection,
object tracking, human or object analysis, and activity
analysis. It touches many core topics of CV. By
understanding and analyzing a complete video
surveillance system, we can obtain insights on general CV
workloads. Second, video surveillance is currently
gaining increasing importance for security applications
worldwide. “ Traditional” video surveillance systems have
been used pervasively in airports, banks, parking lots,
military sites, etc. However, to get any useful information
from these systems, humans either have to watch a
massive amount of video data in real-time with full
attention to detect any anomalies, or the video data can
only be used as evidence after an abnormal event has
occurred, due to the lack of real-time automatic tracking
and analysis. Automatic video surveillance, as opposed to
traditional video surveillance, adopts CV algorithms such
as those mentioned in the last section to alleviate the load
on humans and to enable preventative acts when an
anomaly is detected. We will use the term video
surveillance, instead of automatic video surveillance,

hereafter. A comprehensive introduction to video
surveillance systems can be found in the next section.

Autonomous Vehiclesand Driver Assistance Systems
Driver safety is a very important issue in our lives. CV
can serve as a third eye for a driver to enhance the safety
of vehicles and of their occupants. Example uses of CV
for intelligent vehicles include (1) parking assistance; (2)
landmark detection to assist the car in following the road;
(3) traffic sign detection and recognition for route
planning and alerting the driver; (4) obstacle detection,
especially detecting the presence of pedestrians in a
driver's blind spot; (5) driver condition monitor for
intelligent airbag deployment and to monitor a driver’s
distraction level [19]{20][21].

Figure 2 (from [22]) shows a road detection example. The
detection result can be used for the later obstacle
detection in knowing the 3D location of the obstacle.
Figure 3 from [23] shows an example of how CV can help
in locating pedestriang/obstacles. Pedestrian/obstacle
detection and tracking is harder than conventional object
detection and tracking. Both the camerain the car and the
objects are moving. The background changes constantly.
Figure 4 (from [24]) shows different poses of a driver for
safe airbag deployment as shown in Figure 5 (from [24]
aswell).

(a) (h)

Figure 2: Road-detection result for highways and the
3-D projected model with different conditions. © 2005
|EEE, courtesy of [22]
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Figure 3: Obstacle detection example: fusion of the
results from two resolutions. (a) Input image, (b)
results of low-resolution processing, (c) results of
original resolution processing, and (d) final fused

results. © 2005 |EEE, courtesy of [23]

Figure 4: Example images of occupant script poses.
From top left: sitting normally, leaning halfway,
leaning completely forward, leaning back, leaning
right, leaning left, moving hands about cabin, opening
glove box, hands on face, stretching, adjusting radio,
hat in lap, putting on hat, moving while wearing hat,
removing hat, feet on dashboard. © 2005 | EEE,
courtesy of [24]
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Figure5: Occupant position and posture-based safe
airbag deployment. © 2005 | EEE, courtesy of [24]

Entertainment/Augmented Reality

Another interesting application of CV techniques is
augmented reality, which combines real video content, a
real object extracted from the video, and rendered
graphical models. That is, three-dimensiona virtual
objects are embedded in the real video scene. Augmented
reality applications can be seen in entertainment scenarios
such as games and movies. This technique is useful for
3D manipulation and maintenance tasks, and it is helpful
during surgical procedures as clinical data can be overlaid
on real video content.

CV techniques are needed to extract the 3D information
from the environment, so that the virtual objects can be
placed in the proper locations (an example is shown in
Figure 6 from [25]). Articulated body tracking can be
used to animate the character in the gaming environment
(an example is shown in Figure 7 from [26]).
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Figure 6: Visible-surfacerendering of texture-mapped
affinevirtual objects. Affine basis points wer e defined
by the centersof the four green dots. Thevirtual
tower s wer e defined with respect to those points: (a)
initial augmented view; (b) augmented view after a
clockwise rotation of the object containing the affine
basis points; (c) hidden-surface elimination occurs
only between virtual objects; correct occlusion
resolution between physical and virtual objects
requiresinformation about the geometric relations
between them; (d) real-time visible surface rendering
with occlusion resolution between virtual and real
objects. © 2005 | EEE, courtesy of [25]

Figure 7: Virtual metamor phosis. The motion of the
person (P1) in the dancing area controlled the
movement of the tuxedo-wearing cartoon character
(C1). A person in another dancing area controlled the
movement of the sumo wrestler cartoon (C2). © 2005
|EEE, courtesy of [26]

Smart Health Care

CV can be used in health care for the elderly and the
disabled. Human body tracking and activity analysis can
help detect anomalies, such as a person falling. Human
subjects can aso use their hand or body gestures to
control the home environment if hand or body tracking is

in place [27]. Similar ideas can be applied to smart offices
and smart homes.

We do not discuss CV for medical image-related
applications in this paper. Although CV has been studied
extensively, the techniques used are mostly lower-level
image processing. Interested readers can refer to [28].

INTRODUCTION TO VIDEO
SURVEILLANCE AND COMPUTER
VISION

Traditional video surveillance is labor intensive and
usualy not very effective. Video surveillance with
computer vision techniques, however, saves on labor and
provides a consistent monitoring quality. The input to a
video surveillance system is video streams from a single
or multiple cameras. The system analyzes the video
content by separating the foreground from the
background, detecting and tracking the objects, and
performing a high-level analysis. The high-level analysis
provides results such as a scenario being norma or
abnormal. The human operator can then focus on the
abnormal scenarios and not have to stare at the video
trying to find any anomaly.

A genera scheme of the video surveillance system is
shown in Figure 8, where

« A “Foreground/Background (FG/BG) Detection”
module performs FG/BG classification of each image
pixel.

A “Blob Entering Detection” module uses the result
(FG mask) of the “FG/BG Detection” module to
detect that a new blob object enters the scene.

» A “Blob Tracking” module isinitialized by the “Blob
Entering Detection” module. This module tracks each
blob from the tracked blob list.

e A “Trajectory Generation” module collects all blobs
positions and saves each blob trgjectory to hard disk
when the motion of the object is no longer presented
(for example, when the tracking is lost).

A “Trajectory Post Processing” module executes a
smoothing function on a blob trajectory. This module
is optional and need not be included in a specific
pipeline.

e A “Trajectory Anaysis’ module performs a blob
trajectory anaysis and detection of abnormal
trajectories.

We will discuss each module in later sessions.
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Figure 8: Video surveillance system pipeline

Foreground and Background Estimation

Given a video sequence, extracting the FG from the BG is
an important step in the whole video surveillance pipeline.
FG estimation isthe first stage in the pipeline. Its accuracy
affects the accuracy of the later stages. It could affect the
performance of the later stages as well. Note that in this
paper we use “accuracy” for algorithm accuracy, and
“performance” for computation performance such as the
speed of computation.

FG detection is generally easier in the indoor
environment. Ideally, we want FG/BG estimation to work
well in both indoor and outdoor environments. The
outdoor environment is more complex, as wavering tree
branches, flickering water surfaces, periodic opening and
closing of doors, etc. are occurring. We use the approach
proposed by Li et al. [29] in our video surveillance
system, for its capability in processing complex
backgrounds. This method is based on pixel color and
color co-occurrence statistics. The pixel color and color
co-occurrence distributions are represented by histograms.
Bayes decision rule is applied to classify the pixel to BG
or FG pixel. The BG is updated after the classification of
pixels. The algorithm can successfully handle gradual as
well as sudden BG changes, and stationary as well as
moving objects.

Figure 9: Foreground extraction in outdoor
environment

Blob Entering Detection

Our blob detection module is based on a connected
component tracker [30]. It does the following:

1. Calculates connected components of the FG mask
obtained by the FG/BG estimation module. Each
component is considered as a blob.

2. Tracks each blob by trying to find it in the current and
the previous frame.

3. Adds anew blob into the tracked blob list if it can be
tracked successfully across multiple successive
frames.

With the tracked blab list, we can apply object detectors
such as those proposed by [31][32] to determine the class
of the blob objects: “human,” “car,” or “unknown.”

Blob Tracking

The blob tracking module provides frame-by-frame
tracking of the blob position and size. We developed a
hybrid object tracker that consists of two components. The
first one is a connected-component tracker. It provides
reliable and fast tracking results when there is no overlap
of two human blobs. The second component is a tracker
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that is based on mean-shift algorithms and particle
filtering [33][34]. A Kaman filter is used to predict the
position of the blob in the next frame, thus implying that
overlap will occur in the next frame. If overlap isto occur,
the second component, the particle filter-based tracker, is
used. Otherwise, the fast connected-component-based
tracker is used.

Figure 10: Switching of trackers

Activity Analysis

To detect the anomaly of a scene, we classify the blob
trajectories. Trajectory analysis approaches can be found
in [35]-[38]. To detect abnormal trajectories, a histogram
approach is used. This method treats a trgjectory as an
independent set of feature vectors. Each feature vector
includes such features as blob position, blob velocity, and
blob state duration. A 5D histogram of these features is
continuously collected and analyzed. Thus, if the current
blob has features that were never or rarely observed
before, then the blob and its trgjectories are classified as
abnormal.

Figure 11: Abnormal trajectory

WORKLOAD ANALYSISOF THE VIDEO
SURVEILLANCE SYSTEM

In this section, we profile the video surveillance system by
the Intel® VTune” Performance Anayzer [39]. We

® Intel and VTune are trademarks or registered trademarks
of Intel Corporation or its subsidiaries in the United States
and other countries.

identify hot spots for future performance improvement,
either in agorithm modification or in hardware
acceleration. Furthermore, we explore the distribution of
the operations.

Profiling our system shows that the most computationally
expensive modules of the whole video surveillance system
are FG detection (up to 95% of execution time) and object
tracking (about 5% when only the connected components
method is used, and up to 20% when mean shift
algorithms with particle filtering is employed). Histogram-
based tragjectory analysis doesn’t take a significant portion
of the computational resources, athough more
sophisticated techniques may potentially contribute more
to this workload. Note that the numbers given are not
universal to all kinds of scenarios including both indoor
and outdoor environments. In a scene where there are
more objects presented, object tracking may consume a
larger proportion of computational resources, whereas the
resources used by FG/BG estimation remain about the
same.

The most computationally expensive module of the
pipeline, FG/BG estimation, consumes 1 billion
microinstructions per frame of size 720x576. On a 3.2
GHz Intel® Pentium” 4 processor, therefore, it takes 0.4
SEC.

We further profile the FG/BG module as shown in Figure
12. The most expensive part of the agorithm is the
histogram update, which scans all histogram bins.
Classification uses only a subset of the histogram. Other
parts of the algorithm work only with frame pixels,
searching the place for the current pixel value.

5%  10%

o Classification
B Histogram Update
O Change Detection
0O Noise removal

Figure 12: Foreground detection algorithm profile

7 Intel and Pentium are trademarks or registered

trademarks of Intel Corporation or its subsidiaries in the
United States and other countries.
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The algorithm consumes a large amount of memory. Each
pixel keeps a set of color and color co-occurrence
histograms, which takes up about 1 kb per pixel. The
whole frame, of size 720x576, needs about 400 MB of
memory. However, according to the memory statistics (see
Table 1), accesses to the histogram are mostly cached, so
we don't have to read the same histogram values from the
memory several times; we can get them from the cache.

Table 1: Memory characteristics of foreground
detection algorithm

L1 cache hit rate 90%

L2 cache hit rate 7%
Bus data traffic per frame 134 MB
Bus utilization 6%

We now look at the operation distribution (as shown in
Figure 13). Most of the arithmetic operations are from
integer operations. Operations done on pixel values and
histogram bins are mostly integer operations. We see
similar situations in many CV workloads where pixel
values, histograms, and array indices calculation, are often
involved. Floating-point operations in FG/BG estimation
are minimal, since the FG/BG algorithm accesses floating-
point data only for the histogram bin that is hit by the
pixel value. The branches portion is noticeable. However,
the branch prediction is good (about 90% correct).
Therefore, mis-predicted branches do not significantly
impact performance.

305 3%

Olnteger ops
B Loads

O Stores
OBranches
B SIMD ops
OFP ops

Figure 13: Operationsdistribution for foreground
detection algorithm

SUMMARY

RMS will be the key to future data processing. CV
workload is one important RMS workload. In this paper,

we talked about trends in CV algorithms and applications.
Understanding the trendsin CV agorithms and identifying
trends in CV applications help Intel in developing future
computing platforms.

We then focused on video surveillance systems. A
complete video surveillance pipeline captures important
aspects of many CV workloads. Video surveillance is one
of the most important and resource-demanding CV
applications. We identified the hot spots and operation
distributions of the system using the Intel VTune
Performance Analyzer. Such performance analysis results
will be useful for future Intel architecture innovations.
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