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ABSTRACT
This paper presents a bottom-up tracking algorittor
surveillance applications where speed and religdhiili the case of
multiple matches and occlusions are major conceffise
algorithm is divided into four steps. First, movimijects are
detected using an accurate hybrid scheme with tseteGaussian
modeling. Simple object features balancing speelifhility, and
complexity are then extracted. Objects are matdiase:d on their
spatial proximity and feature similarity. Finallgprrespondence
voting solves multiple match conflicts, segmentatierrors, and
occlusion cases. This approach is very simple, whitakes it
suitable for implementation at smart surveillandésual sensing
nodes. Moreover, the simulation results demonstmat®bustness
in detecting occlusions and correcting segmentaioors without
any prior knowledge about the objects models ostaimts on the
direction of their motion.
Index Terms—Object tracking, similarity matching

1. INTRODUCTION

Over the last decade, surveillance systems haveedah lot of
attention for security and safety concerns. Sillargie systems
started as monitoring systems for military basesg, doon found
their way to every aspect of our daily life whetterproduction
monitoring, traffic reporting, or even ensuring gmral safety at
home. The purpose is to monitor a scene, detepicioss object
motion, and signal an alarm. Object detection aadking are the
first steps in such systems and are particulariyoirrant as their
accuracy affects later analysis. They are usuallgdied together,
where segmentation is required at least for intiiad) the tracking
and tracking may correct segmentation errors dxe f1].

One of the major challenges in current surveillasggtems is
to implement these algorithms on smart video sermsmoneras.
Instead of transmitting the entire image and extiagisthe
communication bandwidth, only the information abaigtected
objects, if any, is sent. However, these camerasdve limited
resources, which impose constraints on the contgleand
memory requirements of the running algorithms.

This paper presents a tracking technique that italda for
implementation at the sensor camera node. Simplkptae
background subtraction (BS) and 3 Frame Differe(fe®) are
used for detecting objects in indoor scenes. AidyBE technique
based on selective Gaussian modeling is used famitarng
outdoor scenes with gradual illumination changes aiutter
motion in the background. This technique
computations required in traditional Mixture of Gaian (MoG)
and improves its accuracy by focusing the attentonthe most
probable foreground pixels. Tracking is done usmngottom-up
similarity matching scheme and non linear featwtng based on
shape, color, and texture. This technique is vasy, fsimple, and

yet able to track multiple objects, handle objeerges/splits, and
correct segmentation errors without any prior kremge about the
object models or constraints on their directiomaftion.

The rest of the paper is organized as follows.i8e@& reviews
the main detection and tracking schemes as weh@se used in
real surveillance systems. Section 3 presents thmpoped
detection and tracking technique. Section 4 dississhe
experimental results, demonstrating the efficieatyhe proposed
scheme. Section 5 contains the conclusion.

2. RELATED WORK
There are two major approaches for object trackimattom-up
also known as target representation and localizatiad top-down
also known as filtering and data association [2].

Top-down approaches rely on prior information abathg
scene or object, dealing with object dynamics, ewmdluation of
different hypotheses [2]. The idea is to predia fosition of the
objects in the current frame, given their positiamghe previous
frame, and then update these estimates based orcutient
observations. Common filters include the KalmarneFi(KF) and
the Particle Filter (PF). Additional data validatiand association
is required for multiple tracking. Even though théschniques are
more reliable than bottom-up schemes, they are avynfore
computationally expensive and fail if there is nehough
information about the scene/target or in case afehdrifts [3].

Bottom-up approaches consider the changes in dtgets’
appearances. The idea is to detect the moving tsbjeist,
represent each object according to a certain madel associate it
with the matching object in the next frame [2]. Bgwund
Subtraction techniques are the most common detectiihemes
used in surveillance systems with stationary campth There are
several approaches for background modeling ranfyjorg single
background estimates like Running average FilteARRand
providing acceptable accuracy for simple indoorligptions, all
the way to complicated techniques with full denggfimates like
MoG [5] for outdoor scenes with gradual illuminatiohanges and
swinging tree branches. Once objects are deteftediires are
extracted. Nearest Neighbors matching techniqued Bata
Association Filters based on spatial proximity qupearance
similarity are then used [1]. In general, bottommpthods have
low computational complexity, but are more sensitiv errors due
to inaccurate foreground detection. This may bevesblusing
additional processing steps. For instance, Ameiskw6] uses

reducee thobject voting based on distance, shape, and mdtiohandle

multiple occlusions without prior knowledge abotfjext models.
However, it is not robust to object changes due gtobal

illumination changes. It also assumes motion isamand objects
do not suddenly change direction, which may notdrg practical.
To overcome these limitations, other descriptorsbust to
illumination changes, should be considered.



Tablel summarizes the current detection and trgckinobjects as well as swinging tree branches. Sosebend step is to
techniques used in the well established surveidaystems. keep only interesting moving objects using selecMoG. Given a
pixel I; in the motion area and it§ distributions, we look fot;'s

Table 1 Detection and Tracking in current surveillance systems best match. If there is a match, the meaand deviation 2 of this

System__Detection Tracking match distribution, and the weights for all distributions are

VSAM | 3FD + RAF Extend KF to support multiple updated as in (2), whereis the adaptation rate that defines the

[7] hypothesis speed at which the parameters change, and thussaffew long it

w* Bimodal Combine motion estimation and will take for a static foreground to be integrabedhe background.

[8] distribution correspondence matching m, = Q- rym., +rl,

Vigilant | MoG Combine bayesian classification 2 _ 2 2

[9] based on velocity, box ratio and St 2 NS 1l my) )

Hidden Markov Models W, =(@A- a)w,, +aM;,

Knight | Pixel/region Voting based on spatial, temporal, r=alw, andM, =1if matchedO elsewhere

[10] level subtraction| appearance (shape, color, motion)  otherwise, the distribution with the leastis replaced by a new

IBM S3 | MoG Use appearance models, resolve e with mearl,, large %, and smallw,. All other weights are

[11] depth ordering of occluded objects  |gyered. The distributions are then sorted by tiveir; and higher

rank distributions are chosen as backgroupds compared to

3. PROPOSED TECHNIQUE these background distributions using hysteresistiolding and is

The proposed scheme is a robust bottom-up corréspue-based  classified as background, foreground, or candigael [12]. For a
tracking technique for smart camera nodes. Theridhgo is  candidate pixel, additional connected componenticigrequired
divided into four steps as shown in Fig. 1: deteoving objects, to classify it as foreground/background. Morphotegioperators

extract their representing features that will beedumext for  enhance the quality of the final object, which manready for
matching these objects from frame to frame, andllfinhandle  feature extraction.

occlusion/segmentation errors. Thus, the major ellance E | 5
. .. . . My Previous urrent Background
challenges, related to the algorithm speed, siityliand ability to _l } l -

handle occlusions are addressed at the differagest
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Faster, better detection accuracy than MoG by usimg temporal difference, background subtraction| | Backg/Th
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hybrid selective detection method. Since motiorasu@e much (Motion Region ) (‘Static Region ) L)
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computations. These features provide robust andicieut [ U |

description for surveillance purposes where theedpef
execution is a higher concern than accurate obgattires

Real time tracking by narrowing the search aredcinirag
based on spatial proximity and feature similardyd using non
linear voting to resolve multiple matching conflict

Reliability in detecting occlusions, correcting semtation
errors, and updating trajectory based on feedbaxk the last
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3.1. Object Detection

The first step involves detecting moving objectsrg¢fround
masks). For indoor monitoring, 3FD and adaptiveda8 be used.
For outdoor monitoring, statistical background nedee needed.
The hybrid technique proposed in our previous w¢tR]

combines simple FD, adaptive BS, and accurate @auss %béjﬁjjsj Update
modeling to benefit from MoG’s high accuracy in Busutdoor BN 1 ——d " ———"———"— o
scenes, while reducing its computations. This isedim two steps. Figure 1 Proposed technique block diagram
First, we divide the frame into static and non istaégion also
known as region of motion. A pixélx,y) at framet and location

spli

3.2. Feature Extraction
(x.y)is classified as part of the motion region if: After detecting moving objgcts, their correspondfggtures are
1Y)~ ()| L OF 1L (%, Y) - B (X, Y)] > 1) extracted. These features will be used to matcaotbjfrom frame
n N Th = e ' ik ) to frame. Simple shape, color, and texture feataresextracted as
The backgroundg(x,y), and detection thresholdg(x,y) for static 4 radeoff between matching quality and computaficomplexity
pixels are updated at each frame using some kiriRIA®T to adapt  [13]. Shape features include information about abgect and its
to scene changes. Now, the region of motion costaiteresting



bounding box (BB), width (W), height (H), objectzsi (S),

Op1, we markOp;, Oy, and O, as occluded and save them in an

centroid (G={XcmYcm}), compactness (CO), and extent measureocclusion group, along with their features.

(E) as shown in (3), which is rotation and scalairant [6].

i=S i=S
X Y, S H(y i H<w
W .
%_' otherwise

. Ye, =*%—,CO= ,
Yo 7 H™ W
Since shape features alone are not reliable enesaghcially for
deformable objects and during occlusions, the nbzed
quantized color histogram (His computed with N=21 bins.
Statistical moments of the histogram, such asivelamoothness
in (4), give a better description of the objecttteg that is robust
to illumination changes.

N
(i - meargH,)) H,

i=1 i=1

i=1

©)

X, =

N

smootte i2Hc(i)- (mearH,))®

4

3.3. Object Matching based on Correspondence Voting
The purpose here is to establish a correspondesteesén objects
in consecutive frames based on spatial proximitd d&sature
similarity. This is done in two steps: matching etg O, in the
previous framé=_; to objectsO, in the new framé-, and solving
conflicts in case of multiple correspondences togame object.

Ideally, O, is matched to the nearest objét with similar
features. Thus, for each objeog, we consider object®,s lying
within Oy's search area. If the distance between the tworaes
dis(q,Cp) is relatively small, their size ratlRS=/S,, extent ratio
RE=E/E,, and compactness ratkC=Cq/Co, have not changed
much between consecutive frames as shown in (&gn most
probably these objects correspond to the same naetzould be
declared as a match:

dis(C,,C,) <Thand RS<Th and RE<Th, andRC<Th,

®)

WhereTh, Th, Th,, Thy are predefined thresholds related to the

frame rate, frame size [6], object size, and canhecation. For
instance, if the camera is placed on top of théding, objects are
not going to shrink/grow a lot between consecutiaenes.

A problem arises when multiple objects in the poesi frame
are matched to the same object in the new franvécerversa. For
instance, ifO, has two possible match&},, and O, in F;, the
conflict must be resolved using similarity votingia [6] but based
on distance, shape, color, and texture, which isemobust to
object deformations and illumination changes. Twoting
variablesv; and v are initialized to zero. Assunw represents the
case where@, O,}and {O, O3} andv, the opposite case.
Each voting variable is incremented every time thatch it
represents has a higher rank. defa,b) be the distance between
the color histograms of objeasandb,

4ab)= " [H.6)- o) ©

The minimum distance leads to a higher rank. Thidane for all
features. The variable with the highest vote déstdtow the match
is done. By the end of this stage, each objeét.inis matched at
most to one object iR, and vice-versa.

3.4. Occlusion and Segmentation Errors Handling
Two cases still need to be considered: objects enargl objects

split. If an old objecOy, is not matched to any new object, it may

have disappeared (object exit) or it may be ocdubg another

object. Thus, ifOp,; disappears in the new frame, we check if there

is a BB for another obje@, in F; that overlaps witlD,;,'s BB. If
yes, we check iD, has already a matdhy, in F.4; this means that

Another case occurs when a new obj@gtis not matched to
any old object: it may be a new object enteringstene, the result
of improper segmentation, or an object that wasvipusly
occluded and is no longer occluded. If a new obj@gt is
detected, check whether there is a previous olijsctvhose BB
overlaps withO.,’'s BB, and who has a new mate,,. If its
occlusion bit is set with valid occlusion ID, theplit O,. Now,
there are two object®, and O, in a previous frame, that were
occluded inO,. So {O,; andOpy} should be matched tod,, and
O,z A similar voting based on the features stored attiime of
merging helps in recognizing the matching. The egponding
trajectories are then updated and occlusion bitstréfO, was not
previously occluded, buD,,is close enough to another objé&x,
in F;, and together form a better matchQg thenO,; andO,, are
the result of improper segmentation, and shouldneeged. This
should be fed back to the detection stage and rizstfor the
merged object are extracted. Otherwi®g; is a new object that
just entered the scene.

4. SIMULATION RESULTS
To verify the functionality and reliability of theproposed
technique at different levels, video sequences fiioenwallflower
paper [14], PETS 2006 [15], and other sequencesrgd on
campus were used. Fig. 2 shows a comparison ofhyfeid
detection scheme with 3FD and MoG using the “walkman”
sequence where ground truth objects are providalleT2 shows
the quantitative comparison using evaluation mefiiem [16]:
ForegroundPixelscorrectlyidentifiedby algorithm
Total ForegroundPixelsin GroundTruth

ForegroundPixelscorrectlyidentified by algorithm

Total ForegroundPixelsdetectedby algorithm
Even though the recall value is high in the case3lD, the
precision value is unacceptable because both stiegeand non-
interesting objects are detected as foregrounds$au models, on
the other hand, provide statistical descriptions batkground
models and can thus distinguish swinging trees frmmving
objects. The proposed technique reduces MoG's ctatipns and
provides better detection results as explainedegaihe tracking
technique was then tested on several indoor andooutvideo
sequences. Fig. 3 and 4 show selected frames with ebject
enclosed in its BB. Objects enter the scene antdatxilifferent
times, and their trajectories are plotted as atfancof the frame
number. Fig. 5 shows how the algorithm is abledcover from
segmentation errors based on the feedback infasmdtom the
last stage: A person’'s head and body are firstctedeas two
different objects. But when matching them over tithe algorithm
correctly |dent|f|es them as belonglng to one obj@w merges

Recall=

(@)

Precision=

Flgure 2 From left to right: Man walklng in outdoor scene [14],
Ground truth, FD result, MoG result, Proposed schera result

Table 2 Quantitative Analysis

Op; was occluded by,,. So we do not delete the occluded object




them together. Fig. 6 illustrates how the algorithmandles
occlusion: two persons walking towards each otbeltiding, and

then continuing in their separate ways. When odmfueccurs, the
algorithm saves the information for both objectfobe merging
them together. This helps, when the splits ocaurteicognizing
that these are the same objects previously occlndedome new
objects entering the scene. Note that when obmottude, they
are not deleted and their trajectories are notodisected. The
trajectory of each object is updated based on aiityil voting.

Although object 2 was occluded by object 1 for savdérames,
once it reappears, the algorithm successfully neieeg this object
as the same object that disappeared earlier anasrehew object.

X-position over time y-position over time
500

Figure 3 From left to right, top to down: Tracking outdoor at
frames 20, 50, 70, x and y positions as function fsthme nb

Figure 4 From left to right, top to down: Tracking indoor [15]
at frames 99, 215, 230, x and y positions as funmi of frame nb

Figure 5 From left to right: Frame 150 [15], Segmetation
before feedback, Segmentation after feedback

x-position over time

L/

=—o0bject 1 == object2

object 1 object 2

Figure 6 From left to right, top to down: frame before
occlusion, objects merge, objects split, x and y pibions as
function of frame nb

5. CONCLUSION
We proposed a robust tracking technique based onilasity
matching and correspondence voting for surveillaaqmglications.

The algorithm proceeds with object detection usaghybrid
selective Gaussian scheme. Simple features, congirgrspeed
and complexity, are extracted. Then, a fast comedpnce
matching using non linear voting handles multiplatches and
occlusions. This approach is very simple which rsakkesuitable
for implementation at smart surveillance cameraesodret, the
simulation results proved its robustness in tragkimultiple
objects, handling occlusions, and correcting segatiem errors,
without having any assumption about object modelsamstraint
on the direction of their motion.
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