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Wireless, battery-powered camera networks are becoming of increasing interest for surveillance and
monitoring applications. The computational power of these platforms is often limited in order to reduce
energy consumption. In addition, many embedded processors do not have floating point support in
hardware. Among the visual tasks that a visual sensor node may be required to perform, motion analysis is
one of the most basic and relevant. Events of interest are usually characterized by the presence of moving
objects or persons. Knowledge of the direction of motion and velocity of a moving body may be used to
take actions such as sending an alarm or triggering other camera nodes in the network.
We present a fast algorithm for identifying moving areas in an image. The algorithm is efficient and
amenable to implementation in fixed point arithmetic. Once the moving blobs in an image have been
precisely localized, the average velocity vector can be computed using a small number of floating point
operations. Our procedure starts by determining an initial labeling of image blocks based on local
differential analysis. Then, belief propagation is used to impose spatial coherence and to resolve aperture
effect inherent in texture less areas. A detailed analysis of the computational cost of the algorithm and of
the provisions that must be taken in order to avoid overflow with 32-bit words is included.
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1. Introduction

There is growing interest in wireless networks of cameras for
surveillance and monitoring. These are ideal systems for impromptu
security installations or when the area to be monitored cannot be
wired due to size, cost or other ecological reasons. Designing a
wireless network poses a number of engineering challenges. In
particular, if the system is battery-operated, power-aware strategies
must be implemented to increase the network lifetime [1–3].

Energy is consumed in a camera node for three main tasks:
sensing (i.e., image acquisition); processing; and communication (via
a radio link). A number of trade-offs among these tasks is possible.
For example, images may just be transmitted as they are acquired: no
energy is spent for image processing, but the energy cost of
communication can be substantial. Onboard processing may reduce
communication cost by extracting only the most relevant informa-
tion. For example, if nothing has changed or nothing is moving in a
monitored scene, there is probably nothing to report. However,
image processing may be (and often is) computationally intense.
Hence, efficient and fast algorithms should be employed in order to
minimize the associated energy cost.

In most practical applications, a node in a networked camera
system would operate under duty cycle policy [4,5]. For example, a
node may be tasked with acquiring and processing one or more
images every n seconds. If no event is detected, the node can be put to
sleep, thus saving energy. Otherwise, a reactive procedure may be
launched. The image, or a relevant portion thereof, may be
transmitted to a base station. Nearby nodes may be alerted, possible
resulting in a temporary alteration of their duty cycle in order to
maximize the chances of detection and tracking of the moving body.
The node itself may continue to take pictures as long as it keeps
detecting an event.

The notion of “event” is, of course, context- and goal-dependent. In
this paper we will consider very simple events, characterized by the
presence of a moving object, animal or person in the scene. These are
certainly situations of interest in many basic surveillance tasks. A
popular approach to detecting such events is background subtraction:
images are compared with a “background” image, acquired at some
previous time [6–9]. This is a relatively simple technique, which,
however, may fail in the case of unpredicted illumination changes or
accidental camera motion.

We propose a different approach, based on detecting and
computing the image motion between two consecutive frames,
taken at a short time interval from each other. This procedure requires
that two images (rather than one) be acquired during a single duty
cycle, and assumes that interesting events are indeed associated with
moving bodies in the scene.

Given the short time period between the two frames, the
illumination can be safely assumed to be constant in the two images.
In contrast, the time interval between the reference (background)
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frame and the current frame in a background subtraction system can
be long, and therefore global illumination changes should be expected,
which complicate the subtraction operation. In addition, the resulting
motion information from our algorithm can be used for predicting the
heading direction of the body, possibly enabling hand-off and tracking
of the moving body across cameras in a network [10,11].

Motion estimation is notoriously a time-consuming operation, more
so than simple background subtraction. This is compounded by the fact
that most embedded computers used for visual sensor networks don't
have floating point support in hardware. This is the case, for example, of
the general purpose processors XScale and StrongARM used in off-the-
shelf boards such as Crossbow's Stargate [5,12]. Hence, it is critical that
the motion detection algorithm be efficient and amenable to imple-
mentation in fixed point arithmetic (thereby avoiding floating point
emulation in software, which is inefficient).

Many motion estimation techniques have been developed by the
computer vision community over the past three decades. Parametric
motion detection and segmentation is powerful when the motion
field is expected to satisfy global constraints (such as translational
or affine motion [13]), but is not optimal in situations with possibly
small blobs with non-uniform motion. Block matching [14–16] is
well suited to video compression (as it is guaranteed to reduce the
variance of the residuals after motion compensation) but can be
computationally expensive. Differential-based approaches [17–20]
aim at estimating the velocity of each pixel and thus can describe
non-uniform motion fields well, but require some sort of regular-
ization in order to deal with the so-called “aperture effect”.1 In
addition, a multi-resolution procedure is usually required in order
to deal with large motion.

We propose an algorithm for detectingmoving areas (“blobs”) that
combines the desirable properties of differential-based methods with
an efficient mechanism for enforcing spatial coherence and resolving
aperture effects. The whole detection algorithm can be implemented
in fixed point arithmetic. Only once the moving blobs have been
identified and localized are their average motion vector computed if
desired. This last step, which is not necessary if only the localization
and extent of moving blob is needed, uses a relatively small number of
floating point operations.

The idea of the algorithm is to use local analysis in order to label
overlapping image patches into a small set of meaningful categories.
More specifically, each image patch is labeled as textured (moving or
static), textured along one direction only (with or without normal
motion), texture less, or outlier. This analysis is based on the
computation of the rank of the structure matrix [21] using a fast
technique inspired by previouswork byBenedetti andPerona [22]. The
chosen labels summarize the motion information carried by an image
patch. A well-textured patch provides reliable clues about its own
motion. If the patch has texture aligned along one direction only, then
only its motion in the orthogonal direction can be inferred. A texture
less (flat) patch carries no motion information—it may or may not be
moving, but this can only be determined based on its neighbors.
Finally, an outlier patch represents a situation in which, due to
occlusion, noise or other reasons, the patch's change in appearance
between two frames cannot be explained by a motion model.

The initial label set is narrowed down to only three labels (static,
moving, and outlier) in a later stage. The idea is to propagate
information from “anchor” points (patches with reliable motion
information) to other areas that, due to lack of texture, do not provide
motion clues based on local analysis. For this task we use belief
propagation, an iterative procedurewhose complexity depends on the
number of labels to be propagated [23]. Since only three labels are
1 Note that aperture effect may also affects block matching, for example in the case
of elongated linear structures, as shown in Section 4.2.
used in our case, propagation has only amoderate computational cost,
which is lower than for the initial label assignment. We also propose a
new form of pyramidal implementation that propagates a “prior”
energy term. This ensures that patches which, due to high motion, are
at risk of being classified as outliers, end up correctly labeled as
moving based on evidence from higher pyramid levels. The overall
algorithm flow is shown in Fig. 1.

This paper is organized as follows. Section 2 describes the initial
label assignment, which includes the fast determination of the rank of
the “structure matrix” for each patch, and, for patches with enough
texture, the determination of whether they are static or moving.
Section 3 describes the procedure for obtaining the final labels based
on belief propagation, including the pyramidal propagation of energy
priors. Both sections include detailed analysis of computational cost in
terms of fixed point operations per frame, as well as provisions to
avoid overflow. Experimental results are discussed in Section 4, and
compared with results obtained using block matching. Section 5 has
the conclusions.

A preliminary version of this work was presented in Ref. [24]. The
present version contains a number of new contributions with respect
to Ref. [24], including the mechanism for pyramidal propagation of
prior energy terms (Section 3.3), the analysis of computational cost
(Section 2.4), and new experimental results.

2. Local motion analysis

The general assumption in motion computation is that the
brightness I of a moving point in the image is conserved through
time. This is formalized by the well-known optical flow equation [18]:

∇ITv + It = 0 ð1Þ

where ∇ I=(Ix, Iy)T is the spatial image gradient, It is the derivative of
brightness with respect to time, and v=(vx,vy)t is the velocity vector.
Due to the rank deficiency of system in Eq. (1) (the so-called aperture
effect problem), the velocity vector v cannot be computed at one
single point. Numerous regularization techniques have been proposed
(e.g., [18,20,25]), the simplest of which assumes that all points within
a small patch around the considered point move by the same image
motion. This hypothesis is at the basis of the least squares approach of
Lucas and Kanade [17]:

vLS = argmin
v

∑
p

∇IT pð Þv + It pð Þ
� �2 ð2Þ
Velocity vectors

Fig. 1. The general structure of our algorithm. Only the last step makes use of floating
point operations.
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where the sum extends over the N pixels of the considered patch. We
can represent Eq. (2) in matrix form, by stacking the values of ∇ IT(p)
in the columns of the N×2 matrix A and the values of It(p) in the
column vector b. The least squares problem in Eq. (2) can thus be
rewritten as:

vLS = argmin
v

∥Av + b∥2 = argmin
v

vTGv + 2vTc
� �

ð3Þ

where G=ATA and c=ATb:

G =
∑p I

2
x pð Þ ∑p Ix pð ÞIy pð Þ

∑p Ix pð ÞIy pð Þ ∑p I
2
y pð Þ

2
4

3
5 ð4Þ

As pointed out in Ref. [26], the rank of G determines whether the
patch is well-textured (rank(G)=2) or aperture effects prevails (rank
(G)b2). Patches with rank(G)=1 are characterized by 1-D texture,
meaning that all points in the patch have gradient pointing in the same
direction. In this case, only the component of themotion in the direction
of the principal image gradient can be estimated. If rank(G)=0, the
patch has no texture.

An alternative to least squares is the use of total least squares
regression [27], which has the advantage that errors in the
dependent and independent variables (or “data” and “observation”
Rank(G) Label Rank(H)
Textureless 00
Outlier
1-D Texture

1
1

Outlier
Textured

2
2

Outlier 3

(a)

Fig. 2. (a) Rules for the initial labeling of a patch
[28]) are given the same importance. Total least square velocity
estimation can be expressed in this form:

rTLS = argmin
r

∑
p

∇IT pð Þ j It pð Þ
h i

r
� �2

; ∥r∥2 = 1 ð5Þ

where r is a 3-vector and [∇ IT(p)|It(p)] is an N×3 matrix obtained by
juxtaposing ∇ IT(p) and It(p). The velocity vector can be derived from
rTLS as by vx

TLS=r1
TLS / r3TLS and vy

TLS=r2
TLS / r3TLS. Eq. (5) can be rewritten

in matrix form as:

rTLS = argmin
r

rTHr; ∥r∥2 = 1 ð6Þ

where H, the symmetric positive semidefinite “structure matrix”, can
be expressed as:

H =
G

∑p Ix pð ÞIt pð Þ ∑p Ix pð ÞIt pð Þ j ∑p Ix pð ÞIt pð Þ
∑p Iy pð ÞIt pð Þ
∑p I2t pð Þ

2
66664

3
77775: ð7Þ

As pointed out by Haußecker and Jähne [21], the spectrum of H
provides useful insight about the structure of the data. In order for the
optical flow Eq. (1) to be satisfied with the same value of v by all
points in the patch, the spatio–temporal gradients of I within the
patch must be contained in a plane through the origin, meaning that
(b)

. (b) The implementation of the rules of (a).
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Fig. 3. The characteristic polynomials FG(λ) (red) and FH(λ) (black), along with the
eigenvalues of G and H and the threshold δ. The location of δ determines the numerical
ranks of G and of H. (For interpretation of the references to color in this figure legend,
the reader is referred to the web version of this article.)
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rank(H)≤2. In addition, for the velocity v to be finite, this plane must
not contain the It axis.

Haußecker and Jähne thus maintained that:

• If rank(H)=3, the patch behavior is not well described by Eq. (1). In
this situation we will say that the patch is an outlier;

• Rank(H)=2 for a textured patch;
• Rank(H)=1 for a patch with 1-D texture;
• Rank(H)=0 for a textureless patch.

The converse is not necessarily true, however. As mentioned
above, the plane of spatio–temporal gradients must not contain the
axis It if the velocity v has to be finite. If rank(H)=2, this means that
rank(G) must be equal to 2 as well. Otherwise, the patch should be
labeled as outlier. Likewise, if rank(H)=1, then rank(G) must be
equal to 1, or the patch is an outlier. Note that these last two
conditions were neglected in Ref. [21]. The importance of these
additional tests will be shown by way of experimental examples in
Section 2.3.

We formalize the above reasoning in the table of Fig. 2 (a), which
exploits the observation that rank(H) is equal to either rank(G) or to
rank(G)+1.

2.1. Fast computation of the structure matrix rank

Due to noise in the data, error in the estimation of gradients and
the possibility of different velocities within the same patch, direct
rank estimation is usually not advisable. Instead, we compute the
“numerical rank” of H (

P
rank Hð Þ), which is the number of eigenvalues

of H that are larger than the threshold, δ. According to Ref. [28], δmay
be chosen to be proportional to ∥H∥∞=maxi∑ j|Hi, j|. We obtained
good results by simply setting δ=N ⋅200, where N is the number of
pixels in each patch.

Unfortunately, direct eigenvalue computation requires finding the
roots of a third degree polynomial, which is computationally
demanding using fixed point arithmetic. Benedetti and Perona [22]
proposed an elegant method to estimate the rank of G, by comparing
its eigenvalues with a threshold without explicitly computing them.
This idea can be extended to the determination of the numerical rank
of H as explained in the following.

Consider the characteristic polynomials FG(λ)=det(G−λI2) and
FH(λ)=det(H−λI3), where In is the n×n identity matrix. FG(λ) (FH(λ))
is a quadratic (cubic) polynomial, with two (three) positive roots
corresponding to the eigenvalues of G (H). Since G and H are
semidefinite positive, FG(0)≥0 and FH(0)≥0. Additionally, the eigen-
valuesofG andH are interleaved (Cauchy InterlaceTheorem, [29]). Fig. 3
shows an example of FG(λ) and FH(λ).

In Ref. [22] it is shown that:

•
P
rank Gð Þ = 0 iff FG(δ)N0 and G11b0

•
P
rank Gð Þ = 1 iff FG(δ)b0

•
P
rank Gð Þ = 2 iff FG(δ)N0 and G11N0

Let us recall that rank(H) is equal to rank(G) or rank(G)+1. This
relationship holds true also for numerical ranks, due to the fact that
the eigenvalues ofG andH are interleaved.Hence, given

P
rank Gð Þ;Prank Hð Þ

is determined by the sign of FH(δ).More precisely, as seen in Fig. 3, if FH(δ)
and FG(δ) have the same sign, then

P
rank Hð Þ =Prank Gð Þ + 1. Otherwise,

P
rank Hð Þ =Prank Gð Þ. For example, in the case of Fig. 3,

P
rank Gð Þ = 1

(which means that FG(δ)b0), therefore
P
rank Hð Þ = 1 because FH(δ)N0.

A quick check for patches with rank(H)=0 can be done by
comparing the trace of H with a threshold. The trace of H is equal to
the sum of its (positive) eigenvalues, hence, if trace(H)bδ, we are
guaranteed that λ3bδ. Patches that don't pass this check go through
the test procedure described above. This strategy is very efficient in
situations with many textureless patches (e.g., when the camera is
facing a wall with solid color).
2.2. Velocity thresholding

The velocity vector for a textured patch, or its projection onto the
dominant spatial gradient for a patch with 1-D texture, can be
computed by determining the null space of H. However, at this stage
of the algorithm we want to avoid any floating point operations,
which inhibits us from explicit velocity computation. We can still
quickly figure out, though, whether a textured patch is moving or if it
is static. This information alonewould be useful to determinewhether
there is an event worth reporting in the area being surveilled by the
camera.

Much like the approach of the previous section, we may try to
determine whether the velocity of a patch is larger than a suitable
threshold γ without explicitly computing it. More precisely, we run a
test on the infinity norm of the least squares velocity estimate (from
Eq. (2)):

∥vLS∥∞ = max jvLSx j ; jvLSy j
� �

bγ ð8Þ

where γ=0.25 pixels/frame in our experiments. The reason for
choosing least squares (rather than total least squares) estimation is
that it enables an efficient implementation of the test in Eq. (8).
Indeed, for a block labeled as textured,

vLS = −G−1c =
−1

H1;1H2;2−H2
1;2

⋅ H2;2H1;3−H1;2H2;3
H1;1H2;3−H1;2H1;3

� �
ð9Þ

and therefore Eq. (8) can be rewritten as

γ H1;1H2;2−H2
1;2

� �
N j H2;2H1;3−H1;2H2;3

� �
jand

γ H1;1H2;2−H2
1;2

� �
N j H1;1H2;3−H1;2H1;3

� �
j

ð10Þ

If the patch is labeled as 1-D texture, we can only check whether
the component of the velocity in the direction of the spatial gradient,
v⊥, is above the threshold:

vLS⊥ =
jH1;3 jffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

H2
1;1 + H2

1;2

q N γ ð11Þ
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Consequently, only one test is needed in this case:

γ2 H2
1;1 + H2

1;2

� �
N H2

1;3 ð12Þ

2.3. Summary: Initial labeling

At the end of this stage, each image patch is labeled as one of six
possible categories:

• T 2
S: A textured patch (static);

• T 2
M: A textured patch (moving);

• T 1
S: A patch with 1-D texture with no normal motion (which may or

may not move in the direction orthogonal to the image gradient);
• T1

M: A patch with 1-D texture with normal motion (hence certainly
moving);

• T0: A textureless (“flat”) patch (which may or may not be moving);
• O: A patch that does not satisfy the optical flow Eq. (1) (outlier).

Some examples of initial labeling are shown in Figs. 8–13. Local
analysis was performed on overlapping patches of WB×WB pixels,
with WB=11, centered on a subgrid of the 320×240 pixels original
image (one patch every 4×4 pixels, totaling 78×58 patches). The
trade-off involved in the choice ofWB is discussed in Section 2.4. Note
that most patches in static areas are labeled as flat or 1-D texture. Also
note that not all patches within moving areas are labeled as T2

M or T1
M

(textured and certainly moving). More often than not, such patches
are labeled as flat (due to low resolution) or as outliers. Outliers
appear frequently in the case of highly textured patches (edges) with
high motion. This is mostly due to the fact that temporal derivatives
are rather unreliable in such situations, whereas they are easier to
compute for smoothly varying brightness profiles. A typical strategy
in these cases is to use a multi-resolution approach: images high up
in the pyramid (low resolution) are blurred enough that temporal
derivatives can be computed more reliably, then motion informa-
tion is propagated to lower pyramid levels, for example by image
warping. We will show in the next section how a similar approach
can be used to propagate labels (rather than velocity vectors) in a
computationally efficient way.

In order to appreciate the role of the two conditions on the rank of
G mentioned in Section 2 and not considered in Ref. [21], we present
an extreme case with a person abruptly “appearing” in the scene in
Fig. 4. Our algorithm correctly interprets the corresponding image
area as an outlier (Fig. 4(c)). However, if only the rank of H is
considered (neglecting the check the rank of G), the result is grossly
incorrect (Fig. 4(d)), withmost patches been labeled as T1M. A similarly
incorrect result is obtained using the algorithm of Haußecker and
Jähne [21] (Fig. 4(e)). Let us remark that the ability to robustly
identify outlier patches is important for motion analysis. There are
many situations (occlusions, abrupt change of brightness, moving
object that are too close to the camera) in which the optical flow
constraint in Eq. (1) is not satisfied. Failure to detect these situations
may lead to gross errors in the estimated motion.

2.4. Implementation details

Since our implementation uses 32-bit fixed point arithmetic, it is
important to correctly dimension and resize the quantities involved in
the computation. We start with an 8 bit per pixel grey level and use
blocks of size WB×WB pixels. The choice of WB is based on a
compromise between better localization (smaller WB) and better
robustness (larger WB). For example, Fig. 5 shows initial labeling
results usingwith different values ofWB. Note that usingWB=7,more
outliers are recorded, while WB=17 results in thicker blobs. In our
experiments, we used WB=11 pixels.

Blocks are defined on a regular subgrid with spacing of WG pixels.
The value of WG determines the resolution of the resulting
segmentation. In our experiments, we used WG=4 pixels. The
image has a total size of N=320×240 pixels. Hence, there are a
total of N /WG

2=4800 overlapping blocks in the image.
Computation of the partial derivatives requires 3 operations per

pixel. The two images are first smoothed using a simple block filter
that requires 4 operations per pixel. Overall, (2×4+3)N≈8.45×105

operations are needed for this initial phase.
Direct computation of the 6 independent entries of H starting

fromvalues of Ix, Iy and Itwould result in 6×2×WB
2=1452 operations

per block, hence a total of 1452×N /WG
2≈7×106 operations per

frame. This number can be reduced by using the “integral image”
algorithm [30] to avoid duplicate operations when analyzing over-
lapping blocks. Building an integral image requires 3 operations per
pixel.We need to construct 6 integral images starting from Ix, Iy and It,
resulting in 6×2×3×N≈2.76×106 operations. Then, for each block,
3 operations are needed to form each entry ofH. In total, 2.76×106+
6×3×N /WG

2≈2.85×106 operations per frame. Hence, the integral
image method yields a reduction of the computational load by more
than one half in this case.

For each block, the algorithm of Fig. 2(b) is applied. The
computational cost is variable. Most texture less blocks (which,
depending on the scene, may constitute a substantial portion of the
image) are ruled out by the test on the trace of H, which only requires
3 operations per block. Rescaling the 6 independent matrix entries (as
discussed below) requires at most 12 operations. Computing FH(δ)
requires 22 operations, while computing FG(δ) requires 5 operations.
For blocks that are fully textured, test (10) is run, using at most 14
operations. Blocks with 1-D texture undergo test (12) (6 operations).
In the worst case scenario (where all blocks are fully textured
and moving), at most 54 operations per block are needed
(54×N/WG

2≈2.6×105 per frame). Overall, the initial labeling phase
thus requires at most about 4×106 fixed point operations per frame.

Care must be taken when building integral images in order to
avoid overflow. In our implementation, integral images are
computed over strips with height of 64 pixels. We limit the range
of the product of two partial derivatives to 17 bits (by bit-shifting).
The accumulated values in the integral image strip can occupy up to
log2 64 × 320ð Þ + 17 = 32 bits, and are thus contained in 32-bit
words. Additionally, using integral image strips reduces the
memory requirements. The price to pay is that patches straddling
across two strips require special handling which involves a few
additional sums.

The entries ofHmay have to be rescaled before computing FG(δ) and
FH(δ). Each entry of H uses up to log2W2

B + 17 = 24 bits. It is easy to
show that, in order to avoid overflow while computing FH(δ), it is
sufficient that each entry ofH aswell as δ use nomore than 10 bits. This
can be enforced by suitable bit-shifting on a patch-by-patch basis. For
consistency, we use the same rescaling factor for computing FG(δ)
and FH(δ). Our experience is that this rescaling operation does not
affect the labeling results noticeably.

3. Final labeling

Different labels convey different levels of information and
confidence based on local analysis. Patches of type T2

S, T2M or T1
M can

be used as “anchor points” for motion information propagation. A
patch of type T1

S is probably static, while a patch of type T0 conveys no
information about its motion: it could be moving or not, but local
analysis is not going to reveal it. Finally, a patch of type O represents
an “anomaly” with respect to our model.

The final goal of our system is to produce, based on this labeling, a
new classification of patches into a smaller set of categories:

• S: A static patch;
• M: A moving patch;
• O: An outlier patch.



(a) (b)

(c) (d) (e)

Fig. 4. (a),(b) Pair of images for motion computation. (c) Initial labeling using our algorithm. The area where a person “disappeared” is correctly labeled as outlier (O). (d) Initial
labeling using only rank Hð Þ (neglecting rank Gð Þ). (e) Initial labeling using the method of Haußecker and Jähne [21]. Blue: T 2

M; Purple: T 1
M; Yellow: T 2

S; Green: T1S; Gray: T0; Red: O.
(For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
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We will do this by exploiting spatial coherence under the belief
propagation (BP) framework, as discussed in the next sections.

3.1. Label propagation

The basic intuition behind our algorithm is that a patch whose
motion characteristics have been estimated with good confidence
(e.g., T2S) should propagate motion information to nearby patches with
lower confidence (e.g., T0). Note that this approach is very different
from optical flow computation using BP as proposed in Ref. [23],
which propagates displacement vectors.

Loopy belief propagation [31] has been used in recent years for
stereo [32], image restoration [33], motion computation [23], and shape
matching [34]. The goal is to estimate the unobservable labels of a graph
(in our case, thefinal labels on thepatch grid,with 4–connectivity) from
site-based observations, hypothesizing an underlying generativemodel.
(a) (b)

Fig. 5. Initial labeling using different values of the processing block size WB. (a) WB=7
interpretation of the references to color in this figure legend, the reader is referred to the w
The assumption is that labels vary smoothly across sites, except for a
limited number of possibly abrupt variations. Borrowing the notation
fromRef. [23], we define the energy [35] of a given labeling l(p) over the
sites (nodes) p as:

E = ∑
p;qð Þ

V l pð Þ; l qð Þð Þ + ∑
p

D l pð Þ jo pð Þð Þ ð13Þ

where (p,q) are neighboring sites. The function V(l(p), l(q)) is the
discontinuity cost, that is, the cost of assigning different labels to
neighboring sites. The term D(l(p)|o(p)) is the data cost, quantifying
the cost of assigning label l to site p given that the observation was o.
In our case, the observations are the original labels assigned by local
analysis.

The BP algorithm seeks to find the labeling that minimizes energy
(Eq. (13)) via an iterative mechanism of message exchange. At each
(c)

pixels. (b) WB=11 pixels. (c) WB=17 pixels. See Fig. 4 for label color coding. (For
eb version of this article.)



D (l|o) l=S l=M l=O
o=T S

2 0 D 2 D 3

o=T M
2 D 2 0 D 3

o=T S
1 0 D 1 D 3

o=T M
1 D 2 0 D 3

o=T0 0 D 1 D 3

o=O D 2 D 2 0

Fig. 6. The table of data cost values D(l|o). We have used the following parameters in
our implementation: D1=1; D2=8; D3=50. The discontinuity cost d was set to 3.

Q (l( n ) | l( n − 1) ) l( n ) =S l( n ) =M l( n ) =O
l( n − 1) =S 0 0 0
l( n − 1) =M 0 0 0
l( n − 1) =O D 4 D 4 0

Fig. 7. The table of prior energy values Q(l(n)|l(n−1)). D4=8 in our experiments.
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time t, a site p sends messages to all of its neighbors. Each message is
in fact a vector of M values, where M is the number of labels (in our
case, M=3). Using the max-product formulation, the ith message
component from node p to node q is computed as follows:

mt
i p; qð Þ = min

j
V lj; li
� �

+ ht−1
j p; qð Þ

� �
ð14Þ

where li represents the ith label in the set and

ht−1
j p; qð Þ = D lj jo pð Þ

� �
+ ∑

s∈N pð Þ∖q
mt−1

j s;pð Þ ð15Þ

N(p)∖q represent the set of neighbors of p other than q. The belief
at pixel p at time t is equal to:

btp jð Þ = D lj jo pð Þ
� �

+ ∑
s∈N pð Þ

mt
j s; pð Þ ð16Þ

At convergence, the minimizer of bjt(p) is the label index assigned
to p.

We use the Pottsmodel for the discontinuity cost, withV(li, lj)=dN0
if li= lj, and 0 otherwise (d=3 in our implementation). As noted by
(a) (b)

Fig. 8.Motion segmentation experiments. (a) First image in the pair. (b) Initial labeling base
labeling (specificity: 0.98; sensitivity: 0.87). Blue: M; Gray: S; Red: O. For each connected co
shown with an arrow. (For interpretation of the references to color in this figure legend, th
Felzenszwalb andHuttenlocher [23], in this case theminimization in Eq.
(14) can be expressed as:

mt
i p; qð Þ = min ht−1

i p; qð Þ;min
j

ht−1
j p; qð Þ

� �
+ d

� �
ð17Þ

This formulation reduces the number of comparisons involved in
message formation.

In order to avoid possible overflow due to accumulation of
messages in Eq. (15), we modify Eq. (17) by “normalizing” the
messages from one node to another. This is obtained by removing a
constant so that the smallest message is equal to 0 (and consequently,
the largest message is ≤d). In other words, the messages actually
exchanged are:

Pmt
i p; qð Þ = min ht−1

i p; qð Þ−min
j

ht−1
j p; qð Þ

� �
;d

� �
: ð18Þ

It is easy to see that themaximizer of the belief in Eq. (16) does not
change aftermessage normalization. At each time t, 4M=12messages
must be computed by each site, requiring a total of 32 operations per
site. In total, 32×N /WG

2≈1.5×105 operations per frame per iteration.
In order to speed up computation, we use the multiscale implemen-
tation of BPproposed in Ref. [23]. As alreadynoted in Ref. [23], very few
iterations are needed for each pyramid level. In our implementation,
two iterations of BP per level are performed starting from the top level
of a 5-level pyramid, except for the last level (comprising all image
patches), in which case 5 iterations are performed. One may
implement a simple check to verify convergence at the last level; in
our experiments, that was not necessary, as the algorithm always
converged in the allotted number of iterations. Overall, our belief
propagation requires less than 106 operations per frame, 3 to 4 times
less than for the initial labeling phase of Section 2.4.

It may be instructive to compare our technique with the motion
estimation algorithm using BP introduced in Ref. [23]. The latter
propagates labels that correspond to all possible velocity vectors. For
example, considering a maximum velocity with horizontal or vertical
component of ±5 pixels, 121 labels need to be propagated, which
means that at each time, 121×4=484messages need to be generated
at each site. Although, as discussed in Ref. [23], label generation can be
performed with a cost that is linear in the number of labels (rather
than quadratic as with our application), it is clear that the motion
estimation algorithm of Ref. [23] is more than 10 times slower than
our propagation technique, which, as derived above, requires only 32
operations per site at each time.
(c)

d on local analysis. Blue: T2M; Purple: T1M; Yellow: T2S; Green: T1S; Gray: T0; Red: O. (c) Final
mponent of blocks labeled as M, the velocity vector (multiplied by a constant factor) is
e reader is referred to the web version of this article.)
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Fig. 9. Typical execution times for a 320×240 image on a 1.4 GHz G4 processor for
different values of the grid spacing WG. Blue: initial labeling. Cyan: belief propagation.
Yellow: connected components. Brown: motion vector computation. (For interpreta-
tion of the references to color in this figure legend, the reader is referred to the web
version of this article.)
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3.2. Assigning data costs

Determining meaningful data costs d(l|o) is critical for the
performance of our algorithm. Ideally, one would learn data costs
(a) (b)

(d) (e)

Fig. 10.Motion segmentation experiments. (a) First image in the pair. (b) Difference between
(specificity: 0.87; sensitivity: 0.93). (d) Initial labeling, multiple scales. (e) Final labeling—sin
See caption of Fig. 8 for label color coding. (For interpretation of the references to color in
from manually labeled images. Simpler approaches based on
heuristics and trial-and-error may lead to satisfactory results as
well. Our approach is to keep the number of free parameters in the
data cost table at a minimum, and to choose their values based on the
following intuitive rules:

1. Patches that were not originally labeled as outliers should not be
transformed into outliers (O).

2. Patches thatwere originally labeled asmovingwith a high degree of
confidence (T2M or T1M) should rarely be transformed into static (S).

3. A patch with 1-D texture and zero normal velocity (T1S) should be
more easily transformed into a static (S) than a moving (M)
patch.

4. A texture less patch T0, which carries no motion information, may
be transformed into a moving (M) or a static (S) patch with
comparable costs.

Our data cost table, shown in Fig. 6, reflects these guidelines with
only three free parameters: D1=1, D2=8, D3=50. These values have
been assigned empirically, with trial-and-error adjustments, and
work reasonably well in our experiments. We found empirically that
assigning a cost D(M|T0)=D1 slightly higher than D(S|T0)=0
produces better results, since most texture less image patches
correspond to static wall surfaces.

Some results of final labeling are shown in Figs. 10–13(d). For each
connected component of patches marked as M, a velocity vector is
estimated using the least squares regression of (3) based on data from
all pixels in the block that were not originallymarked as outliers. Since
only few blobs are usually present, we can afford to use floating point
(c)

(f)

the first and the second image. (c) Segmentation using blockmatching—see Section 4.2
gle scale. (f) Final labeling—pyramidal implementation (specificity: 0.97; sensitivity: 1).
this figure legend, the reader is referred to the web version of this article.)



(a) (b) (c)

(d) (e) (f)

Fig. 11. See caption of Fig. 10. Block matching: specificity: 0.88; sensitivity: 0.93. Final segmentation: specificity: 0.97; sensitivity: 0.92.
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arithmetic for this computation, based on either least squares or total
least squares regression.

One thing that results clear from these images is that, although
belief propagation does a good job at isolating the moving blobs, there
still are many outliers left in the final labeling. This is especially the
case for moving areas that are close to the camera and thus have large
apparent motion (see e.g. Fig. 12). Tweaking the costs in Fig. 6 by
loweringD(S|O) and D(M|O) would reduce the number of outliers, but
it would also impair the ability to recognize a genuine outlier. Or, one
may simply assume that outliers indicate an event worth reporting.

If, however, one is interested in isolating moving areas from
outliers, a different route must be taken. As pointed out earlier, most
outliers are due to unreliable estimation of the temporal derivative, a
problem that can be reduced by using a blurred image, perhaps in a
pyramidal implementation. This is apparent from the subplots in
Figs. 10–13(c), which show the initial labeling on lower resolution
images. It is seen that the density of blocks marked as O decreases
with the pyramid level. The next section discusses a new algorithm
that exploits this observation to improve the final labeling in a
principled way.
3.3. Pyramidal implementation

Pyramidal (or multi scale) motion detection is a well-known
technique for dealing with large motion. A typical strategy is to
estimate motion at higher levels in the pyramid, then compensate (by
warping) for the motion at lower levels, where the estimated velocity
is refined. Our approach, however, is different. Rather than explicitly
computing motion, we simply determine the initial labeling and final
labeling (by BP propagation) on images at higher level in the pyramid,
and use the result to assign priors for BP in lower level (higher
resolution) images. The intuition underlying this procedure is the
following. If a patch initially labeled as O at full resolution belongs to a
moving area, then it is likely that, at some higher level in the pyramid,
it will be labeled asmoving,M. This is not true of patches that are truly
outliers (e.g. because occluded). In this case, we expect that they
should be labeled as outliers at all levels in the pyramid.

This intuition can be formalized by adding a “prior” energy term in
Eq. (13):

E nð Þ
MS = ∑

p;qð Þ
V l nð Þ pð Þ; l nð Þ qð Þ
� �

+ ∑
p

D l nð Þ pð Þ jo nð Þ pð Þ
� �

+ ∑
p

Q l nð Þ pð Þ j l n−1ð Þ pð Þ
� �

ð19Þ

where the superscript (n) indicates the level in the pyramid, and
Q(l(n)(p)|l(n−1)(p)) is the cost of assigning label l(n) to site p given that
the final label l(n−1) was assigned to the parent (in the pyramid) of p.
(Note that each site at level (n-1) has 4 children at level n.) Caremust be
taken when determining whether a block in higher pyramid levels is
moving or static. Since higher level images are sub sampled, a velocity
vector v at leveln is halved at level (n-1). Hence, the velocity thresholdγ
in Section 2.2 must be rescaled accordingly.

Our prior energy table, shown in Fig. 7, is very simple. Basically, we
increase the cost of labeling a block as outlier (O) if its parent in the
pyramid was not an outlier. Modifying the BP iterations to account for
the additional energy term is trivial. Figs. 10–13(d), show the final
labeling being propagated through a 4-level pyramid. Note that fewer
blocks are marked as O in the final labeling, although genuine outlier
blocks are still detected (e.g., the right leg of the person moving in
Fig. 10 being occluded by the cubicle wall).



(a) (b) (c)

(d) (e) (f)

Fig. 12. See caption of Fig. 10. Block matching: specificity: 0.94; sensitivity: 0.82. Final segmentation: specificity: 0.95; sensitivity: 0.89.
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Let us remark that our pyramidal approach differs substantially from
themulti scale approach of Ref. [23] (whichwe alsouse, see Section 3.1).
The latter propagates labels on a sub sampled version of the original
label map; once the algorithm converges on the sub sampled map, the
resulting labels are used to initialize the final label distribution in the
next level (higher resolution) map. This multi scale initialization is also
part of our algorithm. Additionally, we compute the initial labels on sub
sampled images, run belief propagation based on those labels, and
determine the prior term in Eq. (19) for the next resolution level. Of
course, this comes at the additional computational cost of determining
the initial labels on sub sampled images in the 3 higher pyramid levels,
which requires less than 1.4×106 operations per frame.
4. Experiments

We present some results of motion detection using our algorithm
in Figs. 10–13. In each figure we show the first frame of the pair and
the difference between the two frames, along with the results of the
initial and final labeling using our algorithm (with and without the
pyramidal implementation) and motion segmentation using block
matching (Fig. 8) (discussed in Section 4.2). It is seen in the figures
that the pyramidal implementation improves the quality of labeling
dramatically. Of course, these results are still far from ideal, and there
is certainly room for further improvement. First, notice that in some
cases, a single moving area is broken into two blobs. This is typically
due to the presence of a texture less or motionless region, which is not
always filled in by belief propagation. On the converse, when two
areas moving in different directions overlap, only one blob is
identified. An undesirable consequence is that the final velocity
vector estimate in these situations is unreliable, since points in the
blob have different directions. This is also the reason for some wrong
velocity estimates even within a single blob such as for the person in
the left half of the image in Fig. 12. More reliable (and computationally
costly) algorithms can be used for the final phase of velocity vector
estimation (e.g., [36]) if accuracy is critical for the application.

Determining moving blobs on a sub grid with spacing of 4 pixels in
a 320×240 image requires at most 5×106 operations, with at most
additional 1.4×106 operations if the pyramidal implementation of
belief propagation is used. This is equivalent to less than 1500
operations per block, or about 90 operations per pixel. Except for the
final motion vector computation (which requires a negligible amount
of floating point operations per blob), all computations can be
performed in fixed point arithmetic.

4.1. Execution time

Fig. 9 show typical execution times for the different components of
the algorithm, as a function of the grid spacing WG, for a 1.4 GHz G4
processor. The algorithm was implemented in C. No attempt was
made to speed the execution up using vectorization capabilities
(Altivec support). Note that WG does not affect the execution time for
the initial labeling noticeably, due to the use of the integral image
approach as discussed in Section 2.4. As expected, even with the
pyramidal implementation, belief propagation requires a smaller
execution time than the original labeling for WG≥4.

4.2. Comparison with block matching

Blockmatching is anothermotion estimation algorithm that can be
implementedwith fixed point arithmetic. It thusmay be instructing to



(a) (b) (c)

(d) (e) (f)

Fig. 13. See caption of Fig. 10. Block matching: specificity: 0.86; sensitivity: 0.91. Final segmentation: specificity: 0.94; sensitivity: 0.89.
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compare it against our proposed algorithm. Given a block in the
second image, block matching searches for the most similar block
within a fixed search window in the previous image. The difference
between the location of the two blocks directly gives the motion
vector. The L2 or, more typically, the L1 metric is used to compute the
similarity between two blocks.

Block matching is the technique of choice for a wide variety of
video coding algorithms (including the MPEG and ITU families). This
is for a precise reason: block matching minimizes the norm of the
residual, defined as the difference between a block in the new image
and its prediction. However, the motion vector that minimizes the
norm of the residual is not necessarily the correct one. Blocks
characterized by flat or unidirectional texture are affected by the
aperture effect, and a small amount of noise may easily impair
results in this case. This is shown in Figs. 10–13(c), where we
highlighted blocks with an estimated motion of at least 1 pixel in
any direction. For these experiments, we used blocks of 16 by
16 pixels and search windows of ±15 by ±15 pixels. In order to
produce results comparable with our algorithm, overlapping blocks
are placed on a grid with spacing of 4 pixels in each direction. It is
seen in the figures that a relatively large number of blocks are
incorrectly detected. This phenomenon occurs in texture less areas
(e.g. corresponding to a wall or a whiteboard), as well as in areas
with elongated structures (e.g. at the edges of cubicle walls). These
experiments thus show that block matching is not a reliable
approach for event detection.

The computational cost of block matching in its direct form is
proportional to the size of the blocks and to the size of the search
window. A plethora of efficient (and suboptimal) algorithms have
been proposed in the literature. For example, the diamond search
algorithm of Ref. [14] is shown to produce equivalent results to
exhaustive search in a 15×15 pixel window with only 16 block
comparisons on average. Since each block comparison (computing the
L1 norm of the pixel-by-pixel difference) takes 3×16×16=768
operations, this technique requires about 12×103 operations per
block, almost 10 times more than our algorithm. Techniques that
predict the motion of a block based on neighboring blocks [15] can
reduce computations to an average of about 5 comparisons per block.
It should also be noted that block matching produces a motion vector
per block, as opposed to one motion vector per blob as in our
algorithm.

4.2.1. Performance metrics
In order to assess the quality of the final labeling, we first hand-

segmented the moving parts of the test images, and then compared
this segmentation with the results of our algorithm (only blocks
labeled as moving,M, were considered). We computed the sensitivity
and the specificity of our labeling according to the standard definition:

sensitivity = TP = TP + FNð Þ; specificity = TN = TN + FPð Þ

where TP is the number of true positives (pixels hand-segmented as
moving), TN is the number of true negatives, FN is the number of
pixels hand-segmented as moving but labeled as S or O, and FP is the
number of pixels hand-segmented as not moving but labeled as M
(note that both sensitivity and specificity take values between 0.5 and
1). The values of sensitivity and specificity for the different test images
are reported in the figure captions. Note that, while our algorithm
provides similar sensitivity values as block matching, the resulting



Fig. 14. The difference image of Fig. 12, threshold using Otsu's algorithm.
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specificity is much higher, validating our algorithm's ability to reject
false motion hypotheses due to low texture.
4.3. Comparison with frame differencing

The difference images shown in the Figs. 10–13(b)may convey the
impression that motion segmentation could be obtained by simply
thresholding the absolute value of such difference images (or, in other
words, thresholding the absolute value of temporal derivatives at each
pixel). In fact, this is not so. The temporal derivative depends both on
the image motion and on the spatial brightness gradient. In general, it
is difficult or impossible to find a threshold for the difference image
that works well for this purpose. For example, in Fig. 14 we show the
result of thresholding the absolute value of the difference image
shown in Fig. 12, where the threshold was computed using Otsu's
algorithm [38]. It is seen that, while the contours of one of the shapes
have been correctly detected, the other shape has almost disappeared.
Note that a lower threshold would likely pick up noise from the
background.
5. Conclusions

We have presented an algorithm for the detection of moving blobs
in a scene, which can be used as the front-end stage for event
detection in visual surveillance. Our strategy is to first assign labels
based on local analysis, where a label characterizes an image block
based on its texture and on the presence of motion. Then, local
information is propagated to neighboring blocks in order to resolve
ambiguity due to aperture effects. Moving blobs are thus segmented
out, and the average velocity of each blob can be estimated. Except for
this very last stage, all computations can be performed using fixed
point arithmetic, as required by embedded computers without
hardware support for floating point operations.

The proposed algorithm is, in a sense, complementary to
background subtraction. Motion detection assumes that objects are
indeed moving, so it does not apply to the identification of slowly
changing phenomena. Fast moving areasmay also be a problem, but at
least they will be identified as outliers. Background subtraction is
much faster, but requires that the background scene and, in particular,
the illumination, have not changed since the background image was
taken or updated. Additionally, the camera must be kept perfectly
static, which may be a problem, especially in outdoor situations. (Of
course, a shaking camera would be a problem for motion-based
analysis as well, since the whole scene would be moving.) Methods to
deal with both illumination changes (via statistical modeling [8,9,37])
and camera motion (via geometric registration [13]) have been
proposed, but they typically increase the computational load. All in all,
we believe that motion-based event detection is a reasonable
alternative to background subtraction, and that our algorithm may
be used successfully in many general purpose surveillance systems.
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