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Abstract

Sensor networks with large numbers of cameras are becoming increasingly prevalent in a wide range of applica-

tions, including video conferencing, motion capture, surveillance, and clinical diagnostics. In this chapter, we identify

some of the fundamental challenges in designing such systems. We focus on three aspects: robust statistical inference,

computationally efficiency, and opportunistic and parsimonious sensing. We show that the geometric constraints

induced by the imaging process are extremely useful for identifying and designing optimal estimators for object

detection and tracking tasks. We also derive pipelined and parallelized implementations of popular tools used for

statistical inference in non-linear systems, of which multi-camera systems are examples. Finally, we highlight the

use of the emerging theory of compressive sensing in reducing the amount of data sensed and communicated by a

camera network.

I. I NTRODUCTION

Over the past decade, camera networks have become increasingly prevalent in a wide range of applications [1]

for a number of different perspectives. These systems are deployed with the objective of capturing, analyzing, and

storing high bandwidth video data. Such an infrastructure,when provided with the necessary computing power,

is capable of delivering highly sophisticated services that can potentially improve quality of life. Despite recent

advances in computer vision, however, many challenges remain before these systems will be truly autonomous and

able to detect, track and analyze behaviors in real-time. For example, real-time scene and behavior analysis on

visual sensor networks is the first step towards effective scene understanding. Large visual networks also sense

a deluge of data which significantly increases the processing and communication costs in a network. In order to
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effectively mine real-time data from such large camera networks, there is an immediate need for computationally

efficient and robust algorithms for video analytics from as as little data as possible.

Distributed video processing in a network of smart cameras raises research challenges that can be broadly clustered

into three areas:

• Robust statistical inference: How does one fuse the information extracted at the individual camera nodes in

order to solve detection, tracking, and recognition tasks in a visual sensor network? Invariably, these fusion

algorithms involve the interplay between geometric constraints that arise from models of the scene and the

imaging process. Inference in such a setting is about designing appropriate statistical estimation techniques that

can contend with varying sources of error under the geometric constraints introduced by the imaging process.

• Computationally efficient and distributed algorithms: In addition to the distributed sensing aspect in a

multi-camera network, the availability of computing resources at each sensing node (such as in a smart camera)

raises the possibility of distributed algorithms that minimize communication and energy costs as well as provide

robustness to node failures. However, such a framework requires a complete reworking of the commonly used

tools and algorithms. In particular, statistical inference techniques that are widely used across many application

domains need to address not just the distributed sensing butalso the distributed processing nature of the camera

network.

• Opportunistic and parsimonious sensing: One of the key challenges in the deployment of large camera

networks is the processing and storage of the vast amounts ofdata produced. A fundamental reason for this

“data deluge” is that traditional cameras do not exploit theredundancy in the signal at sensing. For many

applications, this is extremely wasteful. Toward this end,it is important to design novel sensors and sensing

protocols that sense at the information rate of the scene under view. It is also important that the sensing process

be adaptive and tuned to the application.

There are numerous applications of distributed visual sensing algorithms. In this chapter, we concentrate on the

problems of distributed detection and tracking. These formintegral subsystems of any robust distributed visual

sensing network. The number of cameras connected in the distributed network can vary greatly: from a few (less

than ten) cameras for video conferencing to tens of cameras to monitor a building, to hundreds of cameras connected

in a traffic monitoring network, and potentially thousands over a city (such as London or New York). The specific

challenges encountered in each of these applications vary with the number of cameras that are connected in the

network. Nevertheless, some of the basic principles of algorithm design and optimization remain the same in all

these scenarios.

This chapter is organized as follows. We introduce the distributed tracking problem in Section II. In Section

III, we discuss implementations of statistical inference algorithms that are inherently distributed and parallelized.

Finally, in Section IV, we discuss novel sensing strategiesand associated inference algorithms that address the data

deluge problem.
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II. STATISTICAL INFERENCE FOR MULTI-CAMERA TRACKING

In this section, we describe the problems of detection and tracking fin multi-camera networks. Our approach

relies heavily on the geometric constraints specific to multi-camera networks. We introduce one such constraint

called the homography, and demonstrate the use of homography for multi-view detection and tracking.

A. Homography

Central projection is the fundamental principle behind imaging with a pinhole camera and serves as a good

approximation for lens-based imaging for the applicationsconsidered here. In the pinhole camera model, rays (or

photons) from the scene are projected onto a planar screen after passing through a pinhole. The screen is typically

called the image plane of the camera. Consider a camera with its pinhole at the origin and the image plane aligned

with the planez = f . Under this setup, a three-dimensional (3D) pointx = (x, y, z)T projects onto the image

plane pointu = (u, v)T such that

u = f
x

z
, v = f

y

z
. (1)

We introduce the notation ofhomogeneous coordinates. We use thetilde ( ·̃ ) notation to represent entities in

homogeneous coordinates. Given ad−dimensional vectoru ∈ R
d, its homogeneous representation is given as a

(d + 1)−dimensional vector̃u v [u, 1]T , where the operatorv denotes equality up to scale, i.e.,ũ v x̃ ↔ ũ =

λx̃, λ 6= 0. Dealing with homogeneous quantities allows for a scale ambiguity in our representation that enables

elegant representations of the basic imaging equation.

The pinhole camera maps a 3D world onto a 2D plane, and hence, the mapping (1) is many-to-one and non-

invertible. All points that lie on a line passing through thepinhole map onto the same image plane point. Given a

point on the image planeu, its pre-imageis defined as the set of all scene points that map ontou under central

projection. It is easily seen that the pre-image of a point isa line in the real world. Without additional knowledge of

the scene and/or additional constraints, it is not possibleto identify the scene point that projects ontou. This lack

of invertibility leads to some of the classical problems in computer vision, the most fundamental being establishing

correspondences across views.

There is one special scenario where the imaging equation becomes invertible on, and that is when the world

is planar (see Figure 1). Most urban scenarios are a good fit for the model, as the majority of the actions in the

world occur over the ground plane. This makes it a valid assumption for a host of visual sensing applications. The

invertibility can also be efficiently exploited by algorithms for various purposes. Consider two views of a planar

scene labeled ViewA and ViewB. Let uA anduB be the projections of a 3D pointx lying on the plane onto

viewsA andB respectively. The homography constraint introduces the following relationship betweenuA anduB.

ũB v HũA (2)
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Fig. 1. Consider ViewsA andB (camera centersCA andCB ) of a scene with a pointx imaged asuA anduB on the two views. Without

any additional assumptions, givenuA, we can only constrainuB to lie along the image of the pre-image ofuA (a line). However, if the world

were planar (and we knew the relevant calibration information), then we could uniquely invertuA to obtainx and re-projectx to obtainuB

whereH is a 3 × 3 invertible matrix. This implies that a pointuA in View A maps to the pointuB in View B

as defined by the relationship in (2). The3 × 3 matrix H (in (2)) is called the homography matrix or merely the

homography. Note thatH is a homogeneous matrix, and the transformation defined by itis unchanged whenH is

scaled. Further,H is invertible when the world plane does not pass through pinholes at either of the two views.

The premise of the induced homography critically depends onthe fact that the pre-image of a point on the image

plane is a unique point on the world plane. If we use a local 2D coordinate system over the world plane, then

the image plane to world plane transformation (from their respectively 2D coordinate systems) can be shown to

be a projective transformation, which as before can be encoded as a3 × 3 homogeneous matrix, sayHπ. This

transformation is useful when we wish to estimate metric quantities, or quantities in an Euclidean setting. The most

common example of this is when we need to localize the target in the scene coordinates.

B. Detection

The first and foremost task in distributed visual sensing is to detect objects of interest as they appear in the

individual camera views [2], [3], [4]. In typical visual sensing scenarios, the objects of interest are those that are

moving. Detection of moving objects is a much easier task, because object motion typically leads to changes in

the observed intensity at the corresponding pixel locations, which can be used to detect moving objects.

Detection of moving objects is typically performed by modeling the static background and looking for regions

in the image that violate this model. The simplest model is that of a single template image representing the static

background. A test image can then be subtracted from the template and pixels with large absolute difference can

be marked asmoving. This simple model introduces the idea of background subtraction — essentially the process

of removing static background pixels from an image.

There exist a host of background subtraction algorithms that work very well in many scenarios [2], [3], [4].

We denote the image frame at timet as It and background model asBt, and the value/model of theiri−th pixel

as Iit andBi
t . A commonly used model represents each pixel as Gaussian with meanµi

t and varianceσ2
i,t. The
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background model is defined as:

Pr(Iit |Bt) ∝ exp

(
−
(Iit − µi

t)
2

2σ2
i,t

)
. (3)

Another background model that robustly handles periodic background disturbances is the mixture of Gaussians

(MoG) model [4]. This model adaptively learns a MoG distribution at each pixel. The multi-modality of the

underlying distribution gives the ability to capture repetitive actions as part of the background. An adaptive learning

method can be used to keep track of global changes in the scene. As before, given a new image, we can compute

the likelihood image and threshold it to obtain pixels that violate the background model. Figure 2 demonstrates

results of background subtraction on multiple views of a scene and projects the representative points from subtracted

results in each view to a top-down view of the ground plane. Spatial proximity on the ground plane can now be

used to cluster points from different views and obtain a multi-view estimate of location of targets on the plane. We

describe a systematic method to model and solve this fusion problem next.

C. Multi-view fusion and tracking

Once the objects of interest have been detected in each of theindividual cameras, the next task is to track each

object using multi-view inputs. Most algorithms maintain an appearance model for the detected objects and use

this appearance model in conjunction with a motion model forthe object to estimate the object position at each

individual camera.

There exist many application domains that benefit immenselyfrom multi-view inputs. Presence of multi-view

inputs allows for the robust estimation of pose and limb geometry (markerless motion capture) [6], [7], [8]. When

targets are at lower resolution, position tracking in scenecoordinates provides information that is useful for higher

level reasoning of the scene. As an example, [9] uses multiple cameras to track football players on a ground plane.

Similarly, [10], [11], [12], [13], [14] consider the problem of multi-view tracking in the context of a ground plane,

with the intent of localization of target position on the plane.

In the case of multi-camera systems, another important challenge that presents itself is the association of objects

across the camera views. For cameras, that have non-overlapping fields of views, object association can be achieved

by learning the relationship between patterns of entry and exit in various camera views [15]. For cameras with

overlapping fields of views, an important issue that arises is fusion of object location estimates. This requires the use

of epipolar geometry and triangulation in the most general case. As a special case, in the presence of ground-plane

constraint, it is possible to derive efficient estimators for fusing multi-view information. We discuss this next.

Multi-camera tracking in the presence of ground-plane constraint has been the focus of many recent papers [16],

[17], [13], [14]. The key concepts in many of the proposed algorithms are:

• Association of data across views by exploiting the homography constraint: This can be done by projecting

various features associated with the silhouette. The vertical axis from each segmented human is used as the

feature in [13], while points features [14], [16] or even thewhole silhouette [17] form alternate choices. These
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(a) Video frames captured from 4 different views

(b) Background images corresponding to each view

(c) Background subtraction results at each view

(d) Projection of detected points onto synthetic top view of ground−plane.

Fig. 2. Use of geometry in multi-view detection. (a) Snapshot from each camera. (b) Object free background image. (c) Background subtraction

results. (d) Synthetically generated top view of the groundplane. The bottom point (feet) of each blob is mapped to the ground-plane using

the image-plane to ground-plane homography. Each color represents a blob detected in a different camera view. Points ofdifferent colors very

close together on the ground plane most likely correspond tothe same subject seen via different camera views. Figure courtesy of [5].

feature(s) are projected onto a reference view using the homography transformation and consensus between

features is used to associate data across views.

• Temporal continuity of object motion to track: Typically, a particle filter [13], [14] is used to temporally

filter the data after association. Alternatively, [17] builds a temporal consistency graph and uses graph-cuts

[18] to segment tracks.

Since the early work of Smith and Cheeseman [19], researchers have known that one has to account for the effect

of varying covariances on parameter fusion and estimation accuracy, especially under highly adhoc placement of

cameras. Consider, for example, the problem of location estimation of a point object moving on a plane. At each

camera, background subtraction provides an estimate of where the object lies. We can now project the image
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Fig. 3. A schematic showing densities in the image planes of cameras and their transformations to the ground plane.

plane locations to arrive at individual estimates of the world plane location of the tracked point. In an ideal noise-

free condition, the estimates arising from each of the cameras would be identical. However, in the presence of

noise corrupting the image plane observations, errors in calibration and inaccuracies in modeling, the world plane

location estimates will no longer be identical. We now need astrategy to fuse these estimates. However, to do so

in a systematic fashion we need to characterize the statistical properties of these estimates. Let us suppose that we

have a characterization of the location of the object in the individual image planes as a random variable. We can

project these random variables to the ground plane using theprojective transformation linking the individual image

planes and the ground plane.

Figure 3 shows an example of three camerasA,B, andC looking at a planeΠ, with the image plane ofB

parallel toΠ. In contrast, the image planes ofA andC are perpendicular toΠ. Also shown on the image planes of

the cameras are uncertainty contours representing the image plane distribution at each camera. The homographies

between the cameras and the planeΠ are HAΠ, HBΠ and HCΠ respectively. In this setup,HBΠ is not fully

projective, defining only an affine transformation, as opposed toHAΠ andHCΠ which induce strong projective

distortion. We would expect the density onB to retain its original form (similar error iso-contours) when projected

on the plane.

The projective mapping is in general a non-linear transformation involving ratios. The statistics of random

variables, when transformed under such a ratio transformation, change significantly. Given that the projective

transformations linking different views of the same scene are different, one can expect that the statistics of random

variables on the world plane arising from different views will necessarily be different, even when the original

random variables are identically distributed.

Given M cameras and the homography matricesHi, i = 1, . . . ,M between the camera views and the ground

plane, one can derive an algorithm for fusing location estimates. LetZi
u be the random variable modeling the object

location on the image plane of thei-th camera. Let us assume that the random variables{Zi
u}

M
i=1 are statistically

independent. Now, each of these random variables can be projected to the world plane to obtainZi
x, such that

Z̃i
x v HiZ̃

i
U , i = 1, . . . ,M .
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Fig. 4. Variance Ellipses are shown for the individual imageplanes. The corresponding color coded ellipse on the groundplane shows the

covariance when transformed to the ground plane. The ellipse in black (on the ground plane) depicts the variance of the minimum variance

estimator. Note that this estimate performs better than theindividual estimates. Figure courtesy of [5].

Consider the distribution ofZi
x under the assumption that theZi

u are jointly Gaussian. Specifically, when certain

geometric properties are satisfied,1 we can show that the distribution ofZi
x is closely approximated by a Gaussian

distribution [20], [14]. Further, we can relate the mean andthe covariance matrix of the transformed random variable

to the statistics of the original random variable and the parameters characterizing the projective transformation. This

result is useful for designing strategies to fuse{Zi
x, i = 1, . . . ,M} in an optimal sense.

In the case of multi-view localization, if the covariances of the estimatesZi
x is Σi, then the minimum variance

estimateZmv is computed as

Zmv =
M∑

i=1

Σ−1
i




M∑

j=1

Σ−1
j




−1

Zi
x. (4)

The covariance of theZmv, Σmv is given as

Σmv =




M∑

j=1

Σ−1
j




−1

. (5)

We refer the reader to [21], [19], [22], [14] for details of the derivation.

Hence, given a true object location on the ground plane,Σmv provides an estimate of the maximum accuracy

(or minimum error) with which we can localize the object on the ground plane given modeling assumptions on the

image plane (see Figure 4).

Finally, we can embed the concept used in constructing the minimum variance estimators to formulate a dynamical

system that can be used to track objects using multi-view inputs. As before, we efficiently fuse estimates arising

from different views by appropriately determining the accuracy of the estimates characterized by their covariance

1The required geometric properties reduce to the region of interest that is being imaged to be far away from the line of infinity in each of

the views (for details, see [14]).
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Fig. 5. Output from the multi-object tracking algorithm working with input from six camera views. (Top Row) Four camera views of a scene

with several humans walking. Each camera independently detects/tracks the humans using a simple background subtraction scheme. The center

location of the feet of each human is indicated with color coded circles in each view. These estimates are then fused taking into account the

relationship between each view and the ground-plane. (Bottom row) Fused tracks overlaid on a top-down view of the ground-plane. Figure

courtesy of [5].

matrices. Figure 5 shows tracking outputs from processing video data acquired from six cameras. Each object is

tracked using a particle filter, and object to data associations are maintained using Joint Probability Data Association

(JPDA) [23].

The JPDA algorithm can be easily implemented in a distributed sensor network. Each camera transmits the blobs

extracted from the background subtraction algorithm to other nodes in the network. For the purposes of tracking,

it is adequate even if we approximate the blob with an enclosing bounding box. Each camera maintains a multi-

object tracker filtering the outputs received from all the other nodes (along with its own output). Further, the data

association problem between the tracker and the data is solved at each node separately and the association with

maximum likelihood is transmitted along with data to other nodes. Finally, the tracking problem can be robustly

modeled as a non-linear dynamical system with the location and velocity of the targets as the state space of the

system, the projected random variablesZi
x forming a partial observation of the state with non-linearities introduced

for robustness [14]. Here, the tracking problem is reformulated as one of Bayesian inference for the dynamical

system. While exact inference is analytically intractable, approximate Bayesian inference for this dynamical system

can be performed using the particle filter [24]. Toward this end, efficient implementations of particle filters influence

multiple problems. In addition to faster run-time, these implementations help in reducing the resource utilization

of the camera network as well. We discuss this next.
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III. E FFICIENT PARTICLE FILTERING

Particle filtering has been applied to a wide variety of problems such as tracking, navigation, detection and video-

based object recognition. This generality of particle filters comes from a sample (or particle) based approximation

of the posterior density of the state vector. This allows thefilter to handle both the non-linearity of the system as

well as the non-Gaussian nature of noise processes. However, the resulting algorithm is computationally intensive

and as a result, the need for efficient implementations of thealgorithm, tuned specifically towards hardware or

multi-processor-based implementations.

Particle filtering involves three main modules: proposition, weight evaluation and resampling modules. Standard

implementations of particle filtering typically use what iscommonly known assystematic resampling(SR). Sys-

tematic resampling poses a significant challenge for pipelined implementations as it can only begin when all the

weights are computed at the weight computation stage, and the cumulative sum of the weights is available. This

means that any pipelined implementation would start the resampling only after all the weights are computed. This

increases the latency of the whole implementation.

We first briefly describe particle filtering algorithms, and propose modifications to the general filtering framework

that make it highly amenable to pipelined and parallel implementations.

A. Particle filtering: A brief overview

Particle filtering addresses the problem of Bayesian inference for dynamical systems. LetX ⊆ R
d andY ⊆ R

p

denote the state space and the observation space of the system respectively. Letxt ∈ X denote the state at timet,

and yt ∈ Y the noisy observation at timet. We model the state sequence{xt} as a Markovian random process.

Further we assume that the observations{yt} to be conditionally independent given the state sequence. Under these

assumptions, the system is completely characterized by thefollowing:

• p(xt|xt−1): The state transition probability density function, describing the evolution of the system from time

t−1 to t. Alternatively, the same could be described with astate transition modelof the formxt = h(xt−1, nt),

wherent is a noise process.

• p(yt|xt): Observation likelihood density, describing the conditional likelihood of observation given state. As

before, this relationship could be in the form of anobservation modelyt = f(xt, ωt) whereωt is a noise

process independent ofnt.

• p(x0): The prior state probability att = 0.

Given statistical descriptions of the models and noisy observations, we are interested in making inferences about

the state of the system at current time. Specifically, given the observations till timet, y1:t = {y1, . . . , yt}, we would

like to estimate the posterior density functionπt = p(xt|y1:t). With the posterior, we aim to make inferencesI(ft)

of the form

I(ft) = Eπt
[ft(xt)] =

∫
ft(xt)p(xt|y1:t)dxt, (6)
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whereft is some function of interest. An example of such an inferencecould be the conditional mean, where

ft(xt) = xt.

Under Markovian assumption on the state space dynamics and conditional independence assumption on the

observation model, the posterior probability is recursively estimated using the Bayes theorem

p(xt|y1:t) =
p(yt|xt)

∫
p(xt|xt−1)p(xt−1|y1:t−1)dxt−1

p(yt|y1:t−1)
. (7)

Particle filtering approximates the posteriorπt with a discrete set of particles or samples{x
(i)
t }Ni=1 with associated

weights{w(i)
t }Ni=1 suitably normalized so that

∑N

i=1 w
(i)
t = 1. The approximation for the posterior density is given

by

π̂t(xt) =

N∑

i=1

w
(i)
t δxt

(
x
(i)
t

)
(8)

whereδxt
(·) is the Dirac Delta function centered atxt. The setSt = {x

(i)
t , w

(i)
t }Ni=1 is the weighted particle set

that represents the posterior density at timet, and is estimated recursively fromSt−1. The initial particle setS0 is

obtained from sampling the prior densityπ0 = p(x0).

Particle filters sequentially generateSt from St−1 using the following steps:

1) Importance Sampling: Samplex(i)
t ∼ g(xt|x

(i)
t−1yt), i = 1, . . . , N . This step is also called theproposal step

andg(·) is called theproposal density.

2) Computing Importance Weights: Compute the unnormalized importance weightsw̃
(i)
t ,

w̃
(i)
t = w

(i)
t−1

p(yt|x
(i)
t )

g(x
(i)
t |x

(i)
t−1yt)

, i = 1, . . . , N. (9)

3) Normalize Weights: Obtain the normalized weightsw(i)
t ,

w
(i)
t =

w̃
(i)
t∑N

j=1 w̃
(j)
t

, i = 1, . . . , N. (10)

4) Inference Estimation: An estimate of the inferenceI(ft) is given by

ÎN (ft) =

N∑

i=1

ft(x
(i)
t )w

(i)
t (11)

5) Resampling: To avoid sample degeneracies, the weighted sample set{x
(i)
t , w

(i)
t } is resampled to get an

unweighted sample setSt = {x̃
(i)
t }.

The resampling step, at the end of each iteration is performed to avoid certain degeneracies in the finite sample

representation of the posterior density. After a few time steps, all importance weights, except a few, converge to

zero. These weights will remain at zero for all future time instants (as a result of (9)), and do not contribute to

the estimation ofÎN (ft). This is circumvented by the introduction of aresamplingstep. Resampling essentially

replicates particles with higher weights and eliminates those with low weights. The most popular resampling scheme,

calledsystematic resampling(SR) [24], samplesN particles from the set{x(i)
t } (samples generated after proposal)

according to the multi-nomial distribution with parametersw(i)
t to get a new set ofN particlesSt. The next iteration

uses this new set̃St for sequential estimation.
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Particle filtering algorithms that use Sequential Importance Sampling (SIS) and SR are collectively called SISR

algorithms. Systematic resampling is a computationally tricky as it requires the knowledge of the normalized weights.

Resampling based on SR cannot start until all the particles are generated and the value of the cumulative sum is

known. This is the basic limitation that we overcome by proposing alternative techniques.

B. Metropolis Hastings algorithm

Particle filtering is a special case of more general MCMC based density sampling techniques that are especially

tuned for dynamical systems. The Metropolis Hastings Algorithm (MHA) [25], [26] is considered the most general

MCMC sampler. Popular samplers such as the Metropolis Sampler [27] or the Gibbs Sampler [28] are special cases

of this algorithm. We first present the general theory of MCMCsampling using the MHA algorithm and then state

the conditions under which the general theory fits into the particle filtering algorithm presented before.

The MHA generates samples from the desired density (sayp(x), x ∈ X ) by generating samples from an easy to

sampleproposal distribution, sayq(x|y), x ∈ X , y ∈ X . MHA produces a sequence of states{x(n), n ≥ 0}, which

by construction is Markovian in nature, through the following iterations.

1) Initialize the chain with an arbitrary valuex(0) = x0. Here,x0 could be user specified.

2) Givenx(n), n ≥ 0, generatêx v g(·|x(n)), whereg is the sampling or proposal function.

3) Acceptx̂ with probability

α(x(n), x̂) = min

{
p(x̂)

p(x(n))

g(x(n)|x̂)

g(x̂|x(n))
, 1

}
(12)

That is, for a uniform random variableu v U [0, 1]

x(n+1) =





x̂ if u ≤ α(x(n), x̂)

x(n) otherwise.
(13)

A special case of the MHA is the Independent Metropolis Hastings Algorithm (IMHA) where the proposal

functiong(x|y) is set asg(x). This makes the proposal function independent of the previously accepted sample in

the chain. This would mean that the acceptance probability (12) α(x(n), x̂) of a proposal̂x ∈ X with the chain at

x(n) ∈ X ,

α(x(n), x̂) = min

{
p(x̂)

g(x̂)

g(x(n))

p(x(n))
, 1

}
(14)

Both IMHA and SISR are algorithms designed to generate samples according to a probability density function,

with the SISR suited specifically to the sequential nature ofdynamical systems. In this regard, the key difference

between the IMHA and the SISR algorithm lies in the fact that the SISR algorithm requires the knowledge of

cumulative sum of weights (the term
∑N

j=1 w̃
(j)
t in (10)). This is important as the cumulative sum can only be

computed when the weights corresponding to the whole particle set is known. Hence, SR can only begin after

all particles have been generated and their weights have been computed. In contrast, the IMHA imposes no such

bottlenecks. We show how this property can be exploited to design a filter that does not suffer from the bottle-necks

introduced by SR.
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C. Particle Filtering with IMHA-based resampling

The bottlenecks introduced by the SR technique can be overcome by using IMHA for resampling. However, there

are some basic issues that need to be resolved before we achieve this. To begin with, the generation of particles

using importance sampling works differently for the two algorithms. Particle filtering allows for the importance

function to be defined locally for each particle. Mathematically, the ith particle at timet is generated from an

importance function, represented asg(xt|x
(i)
t−1yt), parametrized byx(i)

t−1. This poses a problem in the application of

IMHA to estimate the posterior density, because the conceptof importance functions associated with each particle

does not extend to IMHA. In contrast, the MHA algorithm requires the importance function to depend functionally

only on the last accepted sample in the chain, and in the case of the IMHA, the importance function remains the

same.

Given a set of unweighted samples{x(i)
t−1, i = 1, . . .} sampled from the posterior densityp(xt−1|y1:t−1) at time

t− 1, we can approximate the posterior by

p(xt−1|y1:t−1) ≈
1

N

N∑

i=1

δxt−1
(x

(i)
t−1). (15)

Using (7) and (15), we can approximate the posterior at timet as

p(xt|y1:t) ≈
p(yt|xt)

p(yt|y1:t−1)

1

N

N∑

i=1

p(xt|x
(i)
t−1). (16)

Sampling from this density can be performed using MHA or IMHA. The issue of choice of importance function

now arises. The importance function typically reflects and exploits the knowledge of application domain or could be a

clever approximation to the posterior. For this reason, we would like to reuse the importance function corresponding

to the underlying model.

Keeping this in mind, we propose a new importance function ofthe form,

g′(xt|yt) =
N∑

i=1

1

N
g(xt|x

i
t−1yt) (17)

Note thatg′(xt|y1:t) qualifies to be an importance function for use in IMHA given the independence of the function

on current state of the chain. To sample fromg′(xt|yt), we need to first sampleI v U [1, 2, . . . , N ], and then sample

from g(·|xI
t−1yt). The sampling ofI can be done deterministically given the ease of sampling from uniform densities

over finite discrete spaces. Finally, although the new importance function is functionally different from the one used

in the SISR algorithm, the generated particles will be identical.

The overall algorithm proceeds similar to IMHA. We first propose particles using the new importance function

g′(xt|y1:t). The acceptance probability now takes the form

α(xt, x̂) = min

{
w′(x̂)

w′(xt)
, 1

}
(18)

with

w′(xt) = p(yt|xt)

∑N

i=1 p(xt|x
(i)
t−1)∑N

i=1 g(xt|x
(i)
t−1yt)

(19)
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Further, if the choice of the importance function were the same as the state transition model, i.e,g(xt|xt−1yt) =

p(xt|xt−1), then the acceptance probability becomes a ratio of likelihoods,

α(x
(n)
t , x̂) = min

{
p(yt|x̂)

p(yt|x
(n)
t )

, 1

}
(20)

We can now avoid the systematic resampling of traditional particle filtering algorithms and use IMHA to generate

the unweighted particle set/stream from the desired posterior.

As before, we have an unweighted particle setSt−1, that contains particles approximating the posterior at time

t − 1, πt−1(xt−1). We aim to estimate an approximation to the posterior at timet. As before, the algorithm is

initialized with S0 containing samples from the priorp(x0).

Weight Calc

Weight Calc

Weight Calc

Weight Calc

Inference

St
St−1

B
U

F
F

E
R

B
U

F
F

E
R

Proposal

Proposal

IMHA Chain
Proposal

Fig. 6. Parallel Implementation of the IMHA-based particlefilter with a single Metropolis-Hastings Chain.

The main steps are stated below (see Figure 6 for a block diagram of the implementation):

• Importance Sampling (Step 1):GenerateN + Nb indicesJ(i), i = 1, . . . , N + Nb uniformly from the set

{1, 2, 3, . . . , N}, whereNb is an estimate of theburn in period andN is the number of particles required.

between1..N with uniform density.

• Importance Sampling (Step 2):From the particle setSt−1 = {x
(i)
t−1, i = 1, . . . , N} at time t − 1, propose

N +Nb particles to form the set̂St = {x̂
(i)
t , i = 1, . . . , N +Nb} using the rule:

x̂
(i)
t v g(·|x

J(i)
t−1yt). (21)

• Compute Importance Weights: For each particle in̂St, evaluate the importance weightsw′(i)
t , for eachi

using (19).

• Inference: Estimate the expected value of functions of interest. Compute

Ît(ft) =

∑N+Nb

i=1 f(x
(i)
t )w′(i)

t∑N+Nb

i=1 w′
(i)
t

. (22)

Note that samples discarded during burn-in can still be usedin the computation of (22) as the unnormalized

particle set{x(i)
t , w′(i)

t , i = 1, . . . , N +Nb} is still properly weighted (when normalized) [29].

• MCMC Sampler: Use the IMH sampler to parse through the setŜt, to generate a new unweighted set of

particles using the following steps.

1) Initialize the chain withx(1)
t = x̂

(1)
t the first particle proposed.
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2) for i = 2, . . . , N +Nb,

x
(i)
t =





x̂
(i)
t , with prob. α(x

(i−1)
t , x̂

(i)
t )

x
(i−1)
t , with prob. 1− α(x

(i−1)
t , x̂

(i)
t )

(23)

whereα(·, ·) is the acceptance probability as defined in (12).

Discarding the firstNb samples for burn in, the remainingN samples formSt = {x
(i)
t , i = Nb + 1, . . . , N},

the approximation ofp(xt|y1:t).

We can now compare the algorithm given above with the classical SISR discussed in Section III-A. Note that the

SISR algorithm involves a weight normalization step (equation (10)). However, the proposed algorithm works with

ratios of unnormalized weights and requires no such normalization. This provides for the following advantages in

the proposed methodology:

• The IMH sampler works with ratios of importance weights. This obviates the need for knowledge of normalized

importance weights, as we can work with unnormalized weights. This allows the IMH sampler to start parsing

through the particles as they are generated, and not wait forthe entire particle set to be generated and the

importance weights computed.

• In contrast, in SISR, the resampling can begin only when all particles are generated and the cumulative sum

or normalized weights are known.

D. Experimental results

The design methodologies proposed have been verified for twoapplications: a synthetic example originally

discussed in [24] and the problem of visual tracking . The computational testbed was the UMIACS Red/Blue

cluster. The Red cluster consists of 16 PII (400 MHz) PCs running Redhat 7.3, with each PC having a RAM of

1GB. The Blue cluster consists of 12 PIII (550Mhz). We used MPICH [30][31], an implementation of the Message

Passing Interface (MPI) for communication between threads.

We chose to implement over a multi-processor cluster framework since the underlying theory applies both to

hardware based design as well as to clusters. In general, MPIhas large overheads; however, such overheads are

common and identical to both SISR as well as the MCMC based schemes. The conclusions from our experimental

observations still remain the same. We implemented the particle filter based online tracking algorithm presented in

[32] using the Red Cluster.

For comparison purposes, we also implemented the traditional SISR with the same specifications as the proposed

methodology.

The algorithm was used to process 20 frames of a video sequence, tracking a car. Figure 7 shows typical tracking

results. The filter was run with 840 and 1680 particles, with the number of cluster nodes for weight computation

Rw varying. Rw = 1 corresponds to the sequential implementation, andRw > 1 corresponds to the parallel

implementation with a single chain. Under the same setup, wetried an implementation of SISR, replacing the IMH

Chain with a systematic resampler. The main difference between the algorithms is that the systematic resampler

could begin only when all particles were processed and the normalized weights are known.
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Fig. 7. Frames 1,4,8,.. of the tested set. The output of the tracker is inlaid on top. Figure courtesy of [33].
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Fig. 8. (Left) Actual time (in seconds) taken to process 20 frames, with a filter of 840 particles, with varying number ofRw. (Right) Speedup

obtained by replication of the weight computation node. Note the linear speedup obtained with the proposed algorithm. Figure courtesy of [33].

Figure 8 shows the actual time taken (in seconds) and the speedup to process 20 frames of video, with 840/1680

particles for the proposed algorithm and SISR. Note the1/x-like decay exhibited by the time taken by the proposed

algorithm. The1/x-like behavior now translates to a linear increase in speedup with the number of processing nodes.

The two plots demonstrate the pipelinability of the proposed algorithm. It can be seen that the speedup tapers-off

as number of cluster nodes increases. This is attributed to increasing communication delays between the nodes.

There are no standard models for communication delays when using MPICH. As we use more and more processors,

inter-processor communication becomes the dominant source of delay, and further parallelization does not help.

The resampling method and the associated implementation schemes proposed here, allows for a pipeline that is

free of bottle-necks. Further, implementations using the proposed methodologies show a speedups that increases
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linearly with the number of processing nodes utilized. Thisallows us to parallelize the algorithm to achieve the

desired runtime rate. In contrast, implementations based on SISR do not scale that easily with the number of the

processing nodes used.

IV. COMPRESSIVE SENSING FOR BACKGROUND SUBTRACTION

The emerging field of compressive sensing (CS) provides an alternate way of handling the data deluge problem.

CS relies on the fact that much of real world signals (such as images) are inherently sparse in some known linear

basis such as wavelets. Sparsity of the signal hints at the fact that the inherent information content of a signal is

significantly lower than its ambient dimension. This motivates the design of a parsimonious sensing strategy that

samples the signal at its information rate. It has been shownthat from under-sampled linear projections of the signal,

the actual signal can be recovered by exploiting its sparsity. In addition to this, much of the subsequent processing

that we are interested in can be performed directly on these compressive measurements, thereby obviating the need

to reconstruct the high dimensional signal (image). Towardthis end, in this section, we first introduce compressive

sensing, and show that some of the fundamental operations ina multi-camera system such as background subtraction

and multi-view tracking can be performed directly on these compressive measurements with a high level of fidelity.

This leads to a sensor network that senses only at the information rate required for the task at hand.

A. Compressive sensing

Compressive sensing [34], [35] relates to the concept of reconstructing sparse signals from under-sampled linear

measurements. Consider a signalx ∈ R
N , which is sparse in a basisB, that is,s ∈ R

N defined asx = Bs is

sparse. We call a vectorK-sparse if it has atmostK non-zero components, or equivalently, if‖s‖0 ≤ K, where

‖ · ‖0 is the`0 norm or the number of non-zero components.

We are interested in the problem of sensing the signalx from linear measurements. Ideally, with no additional

knowledge aboutx, we would requireN linear measurements ofx, which would then form an invertible linear

system. The theory of compressed sensing shows that it is possible to reconstructx from M measurements even

whenM � N by exploiting the sparsity ofs = BTx. Consider a measurement vectory ∈ R
M obtained using a

M ×N measurement matrixΦ, such that

y = Φx+ e = ΦBs+ e (24)

wheree is the measurement noise. ForM < N , estimatingx from the linear measurements is an ill-conditioned

problem. However, when there exists a basisB such thats as defined above isK sparse, then compressive sensing

allows for recovery ofs (or alternatively,x) from M = O(K log(N/K)) measurements. In particular, whenB is

a fixed basis, it can be shown that using a randomly generated measurement matrixΦ allows for the recovery ofx

with a high probability. Typical choices for such measurement matrix are the Bernoulli matrices and the Gaussian

matrix [34]. Such randomly generated matrices satisfy theRestricted Isometry Property[36], [37], which ensures

that all sub-matrices formed by choosing (a certain number of) columns ofΦ are orthogonal (and hence, invertible)

with a high probability.
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EstimatingK sparse vectors that satisfy the measurement equation of (24) can be formulated as the following

`0 optimization problem:

(P0) : min ‖s‖0 s.t. ‖y−ΦBx‖2 ≤ ε (25)

where thè 0 norm,‖ · ‖0 counts the number of non-zero elements. This is typically a NP-hard problem. However,

the equivalence betweeǹ0 and`1 norm for such systems [38] allows us to reformulate the problem as one of̀ 1

norm minimization.

(P1) : min ‖s‖1 s.t. ‖y −ΦBs‖ ≤ ε (26)

with ε being a bound for the measurement noisee in (24). It can be shown that the solution to the (P1) is with

a high probability theK sparse solution that we seek. There exist a wide range of algorithms that solveP1 to

various approximations or reformulations [39][40][41][35]. Most of them note that the problem(P1) is a convex

problem, and in particular, can be recast as a Second Order Cone Program (SOCP) for which there exist efficient

numerical techniques.

B. Compressive background subtraction

For background subtraction, our objective is to recover thelocation, shape and appearance of the objects given

a test image over a known background. Let us denote the background, test, and difference images asxb, xt, and

xd, respectively. The difference image is obtained by pixel-wise subtraction of the background image from the test

image. Note that the support ofxd, denoted asSd = {n|n = 1, . . . , N ; |xd(n)| 6= 0}, gives us the location and the

silhouettes of the objects of interest, but not their appearance.

Suppose thatxb andxt are typical real-world images in the sense that when wavelets are used as the sparsity

basis forxb, xt, and xd, these images can be well approximated with the largestK coefficients with hard

thresholding [42]. The imagesxb andxt differ only on the support of the foreground, which has a cardinality

of P = |Sd| pixels withP � N . As a consequence, we can expect to require a much smaller number of samples

to reconstruct the difference image than the background or foreground images.

Let us assume that we have multiple compressive measurementsybi (M×1, i = 1, . . . , B) of training background

imagesxbi, wherexb is their mean. Each compressive measurement is a random projection of the whole image,

whose distribution we approximate as an i.i.d. Gaussian distribution with a constant varianceybi ∼ N
(
yb, σ

2I
)
,

where the mean value isyb = Φxb. When the scene changes to include an object which was not part of the

background model and we take the compressive measurements,we obtain a test vectoryt = Φxt, wherexd =

xt − xb is sparse in the spatial domain.

In general, the sizes of the foreground objects are relatively smaller than the size of the background image;

hence, we model the distribution of the elements of theliterally background subtracted vector asyd = yt − yb ∼

N
(
µd, σ

2I
)

(M × 1). Note that the appearance of the objects constructed from the samplesyd would correspond

to the literal subtraction of the test frame and the background; however, their silhouette is preserved.
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Fig. 9. Background subtraction experimental results usingan SPC. Reconstruction of background image (top row) and test image (second row)

from compressive measurements. Third row: conventional subtraction using the above images. Fourth row: reconstruction of difference image

directly from compressive measurements. The columns correspond to measurement ratesM/N of 50%, 5%, 2%, 1% and0.5%, from left to

right. Background subtraction from compressive measurements is feasible at lower measurement rates than standard background subtraction.

Figure courtesy of [44].

We performed background subtraction experiments with a single pixel camera [43] ; in our test, the background

xb consists of the standard testMandrill image, with the foregroundxt consisting of a white rectangular patch

as shown in Fig. 9. Both the background and the foreground were acquired using pseudorandom compressive

measurements (yb and yt, respectively). We obtain measurements for the subtraction image asyd = yt − yb.

We reconstructed both the background, test, and differenceimages, using total variation (TV) minimization. The

reconstruction is performed using several measurement rates ranging from0.5% to 50%. In each case, we compare

the subtraction image reconstruction with the difference between the reconstructed test and background images. The

resulting images are shown in Figure 9, and it can be seen thatfor low rates the background and test images are

not recovered accurately, and therefore the subtraction performs poorly; however, the sparser foreground innovation

is still recovered correctly from the difference of the measurements, with rates as low as1% being able to recover

the foreground at this low resolution.

C. Multi-view ground plane tracking

Background subtraction forms an important pre-processingcomponent for many vision applications. In this regard,

it is important to see if the imagery generated using compressive measurements can be used in such applications.
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Fig. 10. Tracking results on a video sequence of 300 frames. Results are obtained using only1/5 the bandwidth required of traditional central

servers. (Left) The first two rows show sample images and background subtraction results using the compressive measurements, respectively.

The background subtracted blobs are used to detect target location on the ground plane. (Right) The detected points using CS (blue dots) as

well as the detected points using full images (black). The distances are in meters. Figure courtesy of [44].

We demonstrate a multi-view tracking application where accurate background subtraction is key in determining

overall system performance.

In Figure 10, we show results on a multi-view ground plane tracking algorithm over a sequence of 300 frames

with 20% compression ratio. We first obtain the object silhouettes using the compressive samples at each view. We

use wavelets as the sparsifying basisB. At each time instant, the silhouettes are mapped on to the ground planes and

averaged. Objects on the ground plane (e.g., the feet) combine in synergy while those off the plane are in parallax

and do not support each other. We then threshold to obtain potential target locations as in [17]. The outputs indicate

the background subtracted images are sufficient to generatedetections that compare well against the detections

generated using the full non-compressed images. Hence, using our method, the communication bandwidth of a

multi-camera localization system can be reduced to one-fifth if the estimation is performed at a central location.

V. CONCLUSIONS ANDFUTURE DIRECTIONS

In this chapter, we have discussed some of the main challenges in distributed video processing, namely robust

and computationally efficient inference, and opportunistic and parsimonious sensing. Advances in these are crucial

to the deployment of large camera networks. We conclude by highlighting several recent trends that we believe will

have significant impact on various aspects of distributed video processing.

A. Distributed Bayesian Inference

The algorithms for tracking presented here were both based on online inference using particle filtering. Therefore,

in order to make these algorithms truly distributed and enable their implementation on huge camera networks

containing hundreds of cameras, one needs to pay attention to methods that enable these particle-filter-based

estimates to be performed in a distributed manner. This can be achieved using either synchronized particle filtering

or the more general means of distributed function estimation.

1) Synchronized Particle Filtering: One way to decentralize the filter operations is to replicate it identically at

each node. For particle filtering, this can be done easily if the random number generators are made identical across
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nodes. Such a scheme is referred to as synchronized particlefiltering [45]. By initializing the random number

generator with the same seed, all nodes can be made to generate the same particles, which in turn makes fusion

of the associated weights simpler. The communication costsare then limited to the transmission of the associated

weights across the whole network. The immense flexibility ofthis approach allows for it to be effective in any

particle-filtering algorithm. However, this freedom in generality comes with associated drawbacks. For one, the

stability of the algorithm depends critically on the requirement of synchronized random numbers, which requires

that the hardware at each node be the same. Further, this particular way of decentralization does not efficiently use

the processing power of the nodes, as in the end the same computations are performed identically at each node.

2) Distributed Function Estimation: We can relax the need tomake our distributed inference algorithm identical

to the centralized one. There are a host of methods that allowfor the computation of average mean through explicit

global communication or through local consensus [46]. An alternative to the concept of synchronous filtering

can be by approximating the inference at each camera with a Gaussian mixture model [47] or, in general, any

parametric density family. The parameters can then be transmitted to all nodes in the sensor network, each of which

locally updates their densities. In addition to distributed inference and filtering, efficient implementations of particle

filters form an important direction for future research, especially in the context of decentralized computing and

sensing. Existing approaches to this problem [48] are limited to node-level algorithms, although under a distributed

architecture of computing.

B. Manifold-based dimensionality reduction (NLDR)

Images and video data lead to extremely high-dimensional data sets and in order to represent, visualize, analyze,

interpret, and process such high-dimensional data, one needs to encapsulate the salient characteristics of the data

in a lower dimensional representation. Traditionally, this has been performed using linear dimensionality reduction

techniques such as principal component analysis (PCA) [49]or independent component analysis (ICA) [50]. Such

linear dimensionality reduction methods are limited in applicability for vision applications, because the geometric

constraints imposed by the imaging device and the lighting characteristics lead to non-linear constraints on image

and video data. Recent research in the fields of manifold learning and NLDR has led to an explosion of new results

and algorithms designed to tackle such non-linear embeddings of the high-dimensional data.

NLDR approaches such as the locally linear embedding (LLE) [51], Hessian LLE [52], Isomap [53] , the Laplacian

eigenmap [54] and local tangent space alignment (LTSA) [55]construct and represent the high-dimensional data us-

ing a low-dimensional representation. The parameters of the representation are obtained by optimizing an appropriate

cost function that leads to embeddings that are Euclidean-like locally, but globally are highly nonlinear. Moreover,

most of these techniques also have an elegant graph formulation that explicitly describes the local properties that

these approaches preserve. Such approaches for NLDR find several natural and compelling applications in vision

tasks, as both image and video data are inherently high-dimensional and lend themselves to non-linear dimensionality

reduction.

Video sequences are also naturally amenable to analysis using nonlinear dimensionality reduction approaches.
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As an example consider action analysis and activity recognition. The goal is to recognize the pose of the subject

from images, then use the knowledge about pose to perform activity recognition. Since the human body can be

modeled as a kinematic chain with small degrees of freedom and, in most cases, the camera is assumed static, this

means that the obtained silhouettes of the subject span a low-dimensional space. If NLDR approaches were used to

extract this low-dimensional representation, then problems such as pose recognition and activity recognition could

be solved using these projections, as opposed to the original imaging data.
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