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Abstract features such as whether they explicitly compute egomotion
or not, which motion model (translational, affine, quadratic,
In this paper we address the problem of fast segment-etc.) is assumed, which features are used to segment the
ing moving objects in video acquired by moving camera video (visual features as color, or motion, or both), and
or more generally with a moving background. We present whether they achieve real-time performance or not.
an approach based on a color segmentation followed by a  Accordingly, we could group most of the proposals into
region-merging on motion through Markov Random Fields three classes of approaches:
(MRFs). The technique we propose is inspired to a work of
Gelgon and Bouthemy [6], that has been modified to reduce 1. based on egomotion computatiothese methods ini-
computational cost in order to achieve a fast segmentation  tially compute egomotion and, after the compensation
(about ten frame per second). To this aim a modified region ~ Of the camera motion, they apply an algorithm defined
matching algorithm (namely Partitioned Region Matching) for fixed-camera. Examples are [2][8][4][9][11][15];
and an innovative arc-based MRF optimization algorithm
with a suitable definition of the motion reliability are pro-
posed. Results on both synthetic and real sequences are
reported to confirm validity of our solution.

2. based on motion segmentatidhe objects are mainly
segmented by using the motion vector computed at
pixel level, as in [3][7][10][13]

3. based on region merging with motiothe objects are
. obtained with a segmentation using several visual fea-
1. Introduction tures, and then merged on motion parameters com-
puted on a region-level ([5] use gray level as visual

Moving object segmentation in videos is a key process in feature, [6] uses color, [12] exploits edges). Our ap-
a large number of multimedia and computer vision applica- proach belongs to this class.

tions. Most of the difficulties associated to this task are due
to the presence of a relative motion of the observer with  Among the papers in the third class, a previous work of
respect to the motion of objects and background. WhenGelgon and Bouthemy [6] proposes an initial color-based
the background is stationary and videos are acquired bysegmentation followed by a motion-based region merging
fixed cameras, moving object detection is a relatively “easy” with an affine motion model. The merging of regions is
problem: well know methods as background suppressionperformed with Markov Random Fields (MRF, hereafter).
and frame differencing are implemented with success in Animplicit tracking of the objects is also included, and it is
many applications. Instead, the segmentation of moving obtained with the initialization of the MRF according with
objects becomes more critical when the video is acquireda label prediction. This approach is based on two basic as-
by a moving camera with an unconstrained and a priori un- sumptions on the objects: they must have i) different colors
known motion. More in general, we consider the frame- (the segmentation of the scene in objects is based only on
work of videos with moving foreground objects on a mov- color information), and ii) rigid motion (expressible with
ing background. In this case, segmentation by computingaffine equations). This solution produces good results, but
visual motion only is not always reliable, and other features the computational complexity is too high to allow real-time
must be exploited such as color, shape, texture and so on. implementation: authors in [6] state to be able to process a
Several researchers have approached the problem of moframe every 80 seconds (on a ULTRASPARC Machine).
tion detection on video acquired by moving camera. The Indeed, few proposals take into account the time require-
proposed solutions can be mainly differentiated by severalments; among these, many use a special purpose hardware



[2][10], or a manual initialization [14], or are oriented to a reliability is defined and computed for each region, based
specific application (as [4] for periodic model). [9] and [13] on the presence of “strong” gradients (that allow correct es-
are general purpose but they do not assure the extraction ofimation of the motion) and a good match. Computed in-
the entire moving objects because they make use only of theformation are then stored in the spatial graph. Then SRG is
motion information in the segmentation process. the starting point of a Markov Random Field (MRF) frame-

In this paper we present an approach inspired to the onework, where regions are merged according with an energy
of [6] substantially modified in order to abate the computa- function influenced by the motion parameters (velocity and
tional time. The goal is to provide a fast segmentation that reliability). The largest region is assumed as background
could be adopted in an on-line video segmentation processand its motion as egomotion, while other regions are classi-
suitable for applications such as indoor/outdoor surveil- fied as moving objects.
lance, video-conferencing, multimedia on-the-fly transcod-
ing, and augmented reality. To this aim our algorithm as- 2 1. Region Segmentation and Motion Estimation
sumes some simplifications with respect to [6], but also
some important new features. The basic simplification is
the hypothesis of a translational motion model instead of an
affine one: this hypothesis limits the applicability but in-
creases speed considerably.

On the other hand, we introduce some important novel-
ties:

According with [6], we mix color feature and motion and
exploit MRF to optimize the spatial region graph in order to
extract objects as regions with similar motion parameters.
Nevertheless, three substantial differences have been intro-
duced in all sub-tasks and will be described in the following.

First, we changed the color segmentation method. In [6]
o the “Partitioned Region Matching” a new motion color segmentation is performed at the first frame only and

estimation algorithm based on region matching but then refined frame by frame by means of the MRF. Instead,

emphasizing advantages of both region matching andfocusing on speed, MRF optimization has been substituted
block matching; by a color (re-)segmentation at each frame. This last solu-
tion has proved to be less accurate but much faster.

Thus, color segmentation is implemented with a region
e a new minimization algorithm of the MRF function growing algorithm. Since our goal is moving object detec-

that approximates the classical approach with a searchtion, we work principally on an object-level and a perfect

based on arcs instead that on nodes. In this way wecolor segmentation at pixel level is not required. Region
have defined a technique for very fast segmentationgrowing is provided as in [1]: starting from a seed point,

reaching up to 10 frames per second (on a dual Pen-the region is grown by merging 4-connected pixels with a

tium 1l 1000 MHz with 512 MB of RAM) in frames  “similar” color. The similarity between a pixed and the re-

e a measure of “motion reliability” in the MRF model;

of 100x100 pixels. gion R is computed with the simple Manhattan distance in
the RGB space. Aa parameter is used as distance upper-
2. The Proposed Approach bound to guide the merging phase: by relaxinglarger

regions (minor precision) are created and the further steps
Our approach can be described as follows: each frameof the process result to be faster. Conversely, this simple
of the sequence is segmented into regions by using color agrowing algorithm could create small regions in presence of
in [6]. For this task a region growing algorithm is applied. strong edges or noise that are included in adjacent regions
According with color segmentation Spatial Region Graph  in a second step of refinement.
(SRG) also called adjacency graph, is created. In SRGs, The second modification to the approach presented in [6]
nodes represent regions, whereas arcs represent topologicés in the motion model and its estimation. We have adopted
adjacencies. We consider an attributed graph: area size, th#éhe translational motion model, less realistic than the affine
coordinates of the bounding-box and the centroid are as-one but characterized by a much lower complexity. How-
sociated with each node. Thamption estimations com- ever, when camera and objects are moving slowly the sim-
puted with the adoption of the translational motion model. plification results acceptable. With translational model, fast
To accomplish to this task there are basically two ways: the correlation based algorithms could be sufficient for motion

first requirespixel-level motion estimatiofe.g., with opti- estimation, such as block or region matching.

cal flow or block matching) followed by a statistical func- When a previous color segmentation is available, as in
tion (e.g., mean or mode) over regions; the second (adoptedhis case, region-matching techniques produce often better
in our system) directly exploits computation of tregion- results than block matching in a relative short time. To

level motion vectorthrough region matching (and in partic-  this aim, we present here a variation of the classic region
ular with Partitioned Region Matchinglescribed in the fol- ~ matching. Differently from the block matching algorithms,
lowing). In addition to motion vector a measurembtion that compare fixed sized blocks, region matching exploits



the whole regions extracted with segmentation as compar-the equation 2; moreover, it resolves the drawback of mo-
ing patterns and a function defined over the entire regionstion vector locality of block matching, working on larger
as matching value (i.e. distortion rate). For example, the patterns.

SAD (Sum of Absolute Differences) can be computed and

evaluated over a region. L
Given a regionR, being R(v) the set of pixel corre- @ i
sponding to the regiorR after a shift of a vectov £ m = =
(v, vy), We can define: WlRl it
I R
SADg(v) =Y dist(x,x(v)) 1) E-E EsEEEel -
xER T I ||

wherex(v) is thex point after a shiftv, anddist is a Man-
hattan distance function.

The most important advantage of region matching with v ===yes,
respect to block matching is the possibility to estimate mo-
tion of uniform regions without texture, by using the shape.

In fact, the presence of at least two not-parallel gradients L — '
is required to correctly compute a motion vector (aperture ! T et “
problem). The adoption of regions in substitution of blocks @ © ©
make more probable that the previous requirement will be

satisfied, both for the bigger size and for the presence of Figure 1. Example of PRM

the object border inside the region. At the same time, prob-
lems with region matching based on SAD can arise when
the motion is not strictly translational or when the shape
varies over time (for example, in presence of occlusions).

Ry Rs Rs3 Ry Rs
dist(R, R;) 235 55 25 15 205 SADp P(v)
#overl(R, Rj)

To reduce this problem, we define a new matching criterion v, — (o, 0) 12 0 0 0 0 2820 0.7
that we callPartitioned Region MatchingPRM in the fol- #overl(R, R;)

lowing), that ensembles features of both block and region_vz = (1,1) o 7 7 18 0 830 0.1
matching.

PRM is defined as follows. First, a regidd is parti- Table 1. Results on the example of Fig. 1

tioned in a numben of disjoint sub-regionsSR*, with

k = 1,..,n. For each sub-region§ R* the function
SADggr(v;) is evaluated. Then, aaposterioriprobabil-

ity function P(v) is associated to the region and it is com-
puted as the product of the number of occurrences of eac
motion vector with thea priori probability.

To better understand and appreciate the power of this so-
lution we can consider the two consecutive frames in Figg.
1(a) and 1(b), where onlyr; is in motion. Moreover, to

hhelp in understanding this example we consider that the re-
gions are characterized by an uniform color. Under these
assumptions, th§ AD of Eq. 1 could be approximated in

$ §(v.v") the following way:

b=t . Ppriori (V)

Plv) = —o— @

%R(v) = Z #overl(R;, R;) - dist(R;, R;)  (3)

whered(v,v¥) is 1if v = v* and 0 otherwise, andis the -
j:

normalization factor. The priori probability could be com-
puted taking into account the motion in the previous frame, where#overl(R;, R;) is the number of pixels overlapped
the physical constraints, and the knowledge on the scene opetween regiom?; andR;.

application. To reduce computational complexity, inthe ex-  To compute motion of?, we search the best match be-
periments reported in this paper th@riori probability has  tween the second and the first frame. In Figg. 1(c) and

been set identically teg;. 1(d) are represented two possible matches, obtained with
Finally, the motion vectoMV i = (MVag, MVyg) vi = (0,0) andvy = (1,1), respectively. Even if the first

of the whole regionR is assumed to be the vectof that is the correct matcty AD g (v1) is higher thartS AD g (v2)

maximizesP(v). since the distance between pointsidiind R, is high (see

The defined PRM reduces the problems of occlusion typ- Table 1). Thus, the classical SAD-based approach fails,
ical of region matching, since occlusions affect only a lim- since the lowest SAD is associated with. This problem
ited number of sub-regions that are not significant due to often occurs in real sequences, when the foreground moving



objects have very different colors from the background. In and M Vy are the two components of the motion vector,
this case the background’'s motion may be wrongly evalu- is the motion reliability and; is a positive constant.

ated as equal to the motion of a foreground occluded object. The termdJ/, andU; are kept unchanged with respect to
With PRM, instead, we can estimate the correct motion vec- [6] and are defined as follows:

tor. The regionR is partitioned in 10 sub-regions as in Fig.

enhances the fusion of two adjacent regions with a long
shared border and a small distance between centroids.

pr takes into account two factors: the gradient in the The last term takes into account the number of labels
color image and the goodness of the best match found, eval&sSigned, i.e. the cardinality ei(#¢). Thus,Us = c; - #e,
uated as th§ AD increased by 1 to prevent division by 0. If Wherec; is a positive constant. _
a region presents a low texture, the choice of the best match [N conclusion, the motion based term tries to keep sepa-
could be ambiguous, therefore the reliability of the motion rate regions with different motion, geometrical term decre-
estimation is low too. Reliability is low also if the best Ments the weight of motion distance if there is a strong adja-
match presents an high distortion and thus an HighD cency andJs represents a sort of motion difference thresh-
(e.g., in presence of occlusions and deformations). Where0ld under which two regions will be merged.

the motion can not be reliably estimated the motion relia-  The optimization of the energy function is performed
bility is set to 0. with a multi-scale iterative algorithm. A label and a bi-

nary stability flag (preset to “unstable”) are assigned to each
node. The algorithm extracts one by one the regions with
“unstable” flag and evaluates which label among the old la-
A Markov Random Field framework can be exploited to Pel. the labels of the adjacent nodes and an outlier label
merge regions with similar motion. In this subsection we Minimizes the energy function. With the new label the node
first discuss the approach directly derived from the proposalPecomes “stable” butif the label has been changed, the adja-
reported in [6]; then, in subsection 3.2 a new formulation of C€nt nodes become “unstable”. When all the nodes become

the MRF will be presented to improve computational time. Stable, nodes with the same label are grouped together and

1(e). Among them, only 3 sub-regions (Fig. 1(f)) are af- Us(e) = Z Val(es, et) (8)
fected by the occlusion d?;, while most of the sub-regions (s,t)eT
can correctly estimate the motion vector. Consequently, the
probability P(v) associated withv; = (0,0) is correctly 0 es 7# ey
the highest. Va(es,er) = { e Eout e = e
For each regiorR we also define anotion reliabilityas: €ot+4/(G5—GL)2+(G;—G1)? ©)
ol (em) O(z): wherec, is a positive constang, is th length of the shared
> (‘ 5|+ ’ TEE ) border anda = (G, G,) is the region centroid. This term
= (z,y)eR |ie{R,G,B} (4)

SADR(MVp) + 1

2.2. Markov Random Field Computation

As proposed in [6], the energy function can be decom-
posed into three terms: one based on motidf) (one used
to perform a geometrical regularizatiali), and one based
on the number of assigned label&]:

Ule,0) = Ui(e,0) + Us(e) + Us(e) (5)

wheree ando are respectively the labels and the observation
fields.

Differently from [6] we also included motion reliability
in the energy term based on motion:

Ul(evo) = Z ‘/1(657087€t30t) (6)
(s,t)er
0 es # e
Vi(es,0s,€t,00) =< e1-/(MVazs — MVwy)2+
(MVys — MVy)? - \/ps pt  €s=e:

)
wherel is the set of two-dimensional cliques andndt
are two sites of a clique (corresponding to regiodg)y «

the algorithm is iteratively run on the new graph.

After MRF optimization, we obtain a final graph with
each node corresponding to an object (or a blob containing
objects with the same motion). The largest one is assumed
to be the background. Moreover, the background could be
separated in more parts by interposed objects. To prevent
this, every region with the same motion of the background
is merged with it, even if not adjacent.

3. Experimental Results
3.1. Efficacy Analysis

To evaluate the performance in terms of efficacy we use
ground truth images to compare with. Results are summa-
rized in Table 2, where the average false positivés)@nd
false negativesKy) are reported (numbers in brackets in
third and fourth rows report the percentage of false posi-
tives/negatives with respect to the whole image, while the



Objects |nd00r Hand . False Positives False Negatives
N —: 01; 001§
! “‘ r >, o o
L] ﬁ’}’ 0,14 0,14
- B T i b
3 | ' o A oo
-l h. o o
SnapShOt l - DW 21 [1 l\61 A 81 101 121 &‘WA 161 u1 21 @ 161 81 101 121 141 181
Type Syntetic Real Real
Info 20 frames| 170 frames| 90 frames . " .
(200x200) (350%275) (240x200) Figure 2. False positives and negatives over
Fp 0.03% (0.01%) | 5.52% (0.66%) | 20.03% (4.01%) the Indoor sequence
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ing objects. In the synthetic sequence (with objects of dif- Number ofregions
ferent textures, shadowed and smoothed) the false negative S e~
are mainly due to the assignment to the background of the T SR
border’s pixels of shadowed or vanishing objects. ) ) )
The “Indoor” sequence (where a people is moving inop- ~ Figure 3. Processing time vs. number of
posite direction w.r.t. to the camera) produces good average "€9i0nS (on object sequence 200x200) com-
results. By observing Fig. 2, we can note the presence of ~Pared with the arc based MRF optimization.
false positives, caused by a wrong motion estimation of the
background region at the right of the man. Instead, the false
negatives are caused by the very slow motion of the personsection 2 has a complexity 6f(n*). In fact, each iteration
Lastly, in “Hand” sequence a hand is moving over a desk analyzes all the n nodes; for each of them it computes the
and the camera is in motion too. This sequence is very hardenergy value on the arcs linking it with the others. If the
to analyze, because the background is composed by a lot oftate of the analyzed node changes, all the othaodes
small regions (of the mouse pad) with some large and fine-may be re-evaluated. Supposing that each node is evaluated
textured ones (of the desk) in addition. Motion estimation n times, we obtain a complexity @ (n?). Then a multi-
is difficult on both: on the small regions because of the oc- scale optimization is performed, that consists, in the worst
clusion of the hand and on the white desk for the absence ofcase, im iterations.
gradients. In this case the false positives reported in Table 2  As indicated by the total time costs in Fig. 3 (Region
are some details of the mouse pad attached to the hand. MRF), we are far from satisfying real time constraints. We
propose a sub-optimal MRF energy minimization algorithm
3.2. Improving Computational Costs based on the analysis of the arcs (and pairs of linked nodes)
only, instead of the analysis of each node and all its adjacent
All the experiments testify that the efficacy results are nodes. For this aim, the energy function previously pre-
acceptable when the motion can be assumed translationalsented has been modified; in particular, the téfms now
Similar results were reported in [6] for different test se- defined as the number bfoken arcg(i.e. pairs of regions
guences. However, their approach is known to be computa-geometrically adjacent but with different labels). Conse-
tionally expensive. guently, analyzing the definitions of the three energy terms
Fig. 3 reports the processing time in dependence of thewe can define a unified local term as:
number of regions. Note that color segmentation, spatial
graph creation and motion estimation are almost indepen- U(r,0) = Z Us.t(€s, €1,04,01)
dent from the number of regions. SA
The computational time of MRF optimization phase de- where:
pend on the number of region obtained with the color seg- Vi(es,0s, e0,00) + Va(es, e1) €5 = e
mentation. Calling: the number of nodes of the graph, i.e. Us,t(es, er, 05, 0) = { Va(es, er) es # e
number of regions, the minimization algorithm proposed in (11)

(10)
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The main advantage of Eq. 11 consists on the possibil- [1]
ity of a faster optimization. The algorithm here proposed
is composed by two scanning phases: the first on the arcs
and the second on the nodes. The computational complex-
ity becomes quadrati©(n?) (evaluation ofn? arcs plusn
nodes).

For each ar¢s, t) we evaluate whether it is more conve-
nient to break it or not, by considering only the sub-graph [3]
composed by the arc and the two connected nodasdt),
that is:

(2]

(4]
Vi(es, 0s,et,0:) + Va(es, er) > Va(es, er) = (s,t) broken
(13)

After that, the nodes of the graph are labeled using a (5]
modified region growing algorithm. Starting from the first
node, all the nodes connected with non-broken arcs are
merged with the same label. 6]

Thus, the new optimization allows us to achieve real-
time performance by preserving segmentation results. The
new system was tested on the same sequences used previ{7]
ously. In the “Objects” sequence we obtained identical re-
sults. Instead, in the case of the “Hand” sequence the output
is slightly worst with the new optimizer, because wrong mo-
tion values are assigned to part of small regions affected by (8]
occlusion. Anyway, the results are still satisfactory. Sim-
ilar performance results in efficacy has been tested in the
“indoor sequence” and in other videos, but they are not re- 9]
ported due to space limitations. The graph in Fig. 3 shows
the improvement of speed obtained with the arc based opti-
mization instead of the region one. [10]

4. Conclusions [11]

We proposed a fast approach based on color and mo-
tion segmentation with MRF for moving object detection in
video acquired by moving camera or more generally with a [12]
moving background. The method achieves satisfactory re-
sults when the motion can be approximated with a transla-
tional model. A new Partitioned Region Matching has been [13]
proposed to perform a good motion estimation also in pres-
ence of occlusion or shape variation; moreover, a motion
reliability value in the MRF allows to weight differently the  [14]
motion or the geometry of regions in case of low texture or
large shape changes.

Then, a new sub-optimal energy minimization algorithm
applicable on this particular case of Markov Random Fields [15
has been defined. With its introduction, we can process a se-
guence composed by frame of 100x100 pixels with a frame
rate of about 10 fps on a PC platform.
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