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Yanlin Guo, Member, IEEE, Steve Hsu, Member, IEEE, Harpreet S. Sawhney, Member, IEEE,
Rakesh Kumar, Member, IEEE, and Ying Shan, Senior Member, IEEE

Abstract—This paper addresses the problem of matching wehicles across multiple sightings under vanations in llumination and
camera poses. Since multiphs observations of a wehicle are separated in large temporal and/or spatial gaps, thus prohibiting the use of
standard frame-to-frame data association, we employ features extracted over a sequence during one time interval as a vehicle
fingerpnint that s used to compute the likelihood that two or more sequence observations are from the same or different vehicles.
Furthermore, since our domain is aenal video tracking, in order to deal with poor image quality and large resolufion and quality
variations, our approach employs robust alignment and match measures for different stages of wehicle matching. Most notably, we
employ a hetercgeneous collection of features such as lines, points, and regions in an integrated matching framework. Heterogeneous
features are shown to be important. Line and point features provide accurate localization and are employed for robust alignment across
disparate views. The challenges of change in pose, aspect, and appearances across two disparate observations are handled by
combining a novel feature-based quasi-ngd alignment with feaxabie matching between two or more sequences. However, since lines
and points are relatively sparse, they are not adequate to delineate the object and provide a comprehensive matching set that covers
the compleie object. Region features provide a high degree of coverage and are employed for continuous frames to provide a
delineation of the wehicle region for subsequent gensration of a maich measure. Our approach reliably delineates objects by
representing regions &5 robust blob features and matching multiple regions to multiple regions using Earth Mover's Distanca (EMD).
Extensive expenmentation under a vaniety of real-workd scanarios and over hundreds of thousands of Confirmatary dentification (CID)

trails has demonstrated about 95 percent accuracy in vehicle reacquisition with both visible and Infrared (IR) imaging cameras.

1 INTRODUCTION

BECT tracking from aenal platforms requires data

association over lng periods of time. The object of
mterest, vehicles for the purposes of this paper, may not
remain in the field of view comtinuously through the course
of tracking. The tracked objecks leave the field of view
because of ooclusions and maccuracies in platform pomting
direchions. When the vehicles appear agam, the tracker
needs to venfy if the currently observed vehicles are indeed
the same as the omes being tracked earlier. Another
mmportant visual surveillance task requires multiple ob-
servations of the same vehicle viewed from different spatial
sightings to be reliably assocated. In both apphications, we
need to compute matching scores between a model
(learmingz) sequence and a gquery sequence, assuming that
frame-to-frame tracking s given as mput. Several repre-
sentative leamning and query “objpect chips™ are shown in
Frg. 1. It 15 obvious that standard frame-to-frame association
technigques cannot be directly applied to match the learning
and query sequences i these applications because of the
amount of object scale, pose and appearance change, the

o Y. Guo, HS. S R Kumgr, gnd Y. Shan are avith the
Corporation, 201 Wishimgion Eoad, CNGIN, Pronceton, NJ (8543,
E-sradl: [yguo, harwhney, rkumitr, yahan Bisgrroff com.

o 5 Hzu s with Canesta, Inc., 965 West Maude Aveniee, Sunnyoale, CA
85, E-smanl: sheisiicanesia com.

Marnuscripl receioed 4 Oct. 2005; revised 3 Apr. 2006; acceplad 31 July 2006

pichliskead owline 18 Juan. AN07.

Recommeruded for acceplusice by 5. Baker.

For wiforsnchion on obdetiriy reprivds of thie arbicle, plesse sevid e-munl o

:Fumﬁnm}mw org, arud reference IEEECS Log Number TPAMIHI537-1005.

tard (et hi!mhﬁer an. TOL 1T TPAMI_NNT 1052

a2 B OTT20.00 & 307 IEEE

background clutter, and the lack of temporal and spatial
combimuty.

Despite a flurry of research on object matching and
recognibion 1], [2], [3], [4], [5] [6] [7] [Bl, online object
fingerprinting  still remains a very challenging problem

because of the following reasoms:

I. Limited training data is available. In contrast with
traditimal approaches to object identification
visual imagery, we cannot assume that every object
has bexn modeled beforehand.

2. There can be drastic pose changes between the
leamimgz and query sequences. It is difficalt to find
reliable invanant feature representations because of
occlusion and aspect change.

3. There can be large appearance changes. The pre-
sence of shadow and speculanty makes matchimg
even more challengings.

4. Video objects captured from vanous platforms and
resolutioms  (2-20) om/fpixel typically) have to be
handled.

5 It is not realistic to require that the object be
accurately segmented from the background, thus
object masks may not be accurate.

.  There may be multiple similar objects present at the
same bime.

To match objects under large pose, scale, and appearance
changes and with background clutter and confusers, it is
crucial to vhlize as much mformation as possible. In this
paper, we propose a novel object matching techmgue based
mm the exploitation and combmation of heterogeneous
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Fig. 1. Some representative object matching examples. Objects
separated by a temiporal or spatial gap from aenal and ground platforms
are required to be matched against each other.

features: comer-like and line features for reliable peometnic
alignment and blob-like region features for comprehensive
coverage, delineation, and matching of the object regon.
Each feature type i represented with suitable unigue
mvariant representations and plays a different role m
matching object geometry, appearance, and topology.
Specifically, blob-like features [9], [10] provide good cover-
age for an objpect, but they are usually not suitable for image
alipgnment due to the lack of localization accuracy. However,
they can be consistently tracked across frames over a short
pernod of ime. Utilizng blob-like features withm a sequence
provides an accurate object mask for subsequence object
matching across a sequence, if appropriate region descrip-
bors and matching critena are whloeed [11], [12]. Outhers
such as background clutter can be eliminated m the process
of region matching,. In addition, blob features can be used for
overall object part configuration (topology) matching.
Comer-like features and lime features cannot provide
sufficient extent of object coverage, but they possess gpood
localization property and they are effective for object
meometry matching (alignment), especially in cross sequence
matching (between query and leaming sequences).
Key contributions of our approach ane:

I. Development of heterogeneous feature descniptors
and respective match measures that vhliee comer,
line, and region features m different stagnes of object
matrhings.

2. Development of a fmmework of using “within-
sequence matching” using region features to obtain
precise and sufficient object coverage phes “across-
sequence matching™ with point and lines features to
achieve accurate image alipnment.

3. Development of a robust blob detector and a match
metric (earth mover’s distance, EMD) to effectively
matrh and track regions.

4. Development of a quasi-nigid alignment method
based on invanant comer and line features to align
mmages under large pose and appearance changes.
The method avoids the explicit computation of a
nomparametric 30 motion field by approximating it
with a feature constramed guasingd piecewise
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parametric motion model. It does not need explicit
camera calibratiom, or dense reconstruchion of
3D scenes. It can handle both parametric and
nimparametric motkon models, which are suitable
for video data captured from vanous platforms and
resolutims.

5 Development of a novel flexible template matching
scheme with entropy-based adaptive scale determi-
nation m orented energy bands.

We review the hiterature m Sechon 2 and outlme our
approach and present algorithm details in Sechon 3.
Expermmental results are the subject of Sechion 4 and we
cinclude m Sechon 5.

2 ReELATED WORK

The object matching m this paper primarily focuwses on
viehicle mstance recogmition or fingerpinting. Koller et al.
[13] employed a 3D generic vehacle model parameterieed by
12 length parameters to mstantiate different vehacles. Line
seypments from the image are matched to the 2D model edge
sepments obtained by projeching a 3D polyhedral model of
the vehicle mto the image plane. This method works well
when enough image resolution s available.

Feature-based object recognition methods have flour-
ished n recent years. An extensive review of local feature
descriptors can be found n [14]. A large body of work is
based on the development of comer-like interest point and
associated mvariant description [8], [15]. The mterest point
finds distinctive features with precse location, but ks
descriptor may not be stable under large pemspective
change. A mepresentative work using local region-like
features 15 the scale-mvanant feature transform (SIFT)
method [4]. SIFT-like features cannot be extracted rehably
in low resolution images. There 1s a whole body of work on
wide baseline matching that deals with quasi-invanant
feature-based matching using: 20/ 3D constraints. In [7], a
stable region feature called the Maximally Stable Extremal
Regions (MSER) is developed. MSERs are invanant to affine
transformation in both image coordinates and mtensity. A
robust similarity measure s also developed to establish
feature cormespondences. An improved blob detector s
developed m [10], where a robust method 15 explorted to
move across scale space and overlapping regioms are
allowed. Our regions features adapts this representation.

For object extraction and groupmg, Sivic et al. [6]
presented a work on grouping object hypotheses in video
frames by tracking image patches over long sequences.
Affine covariant patches that can be tracked over a large
number of frames and move semingidly over the sequence
are grouped mio objects. Cuenes are matched to learmed
object representations by matching: the patch-based mult-
view feature groupings. The strength of this approach is
that multiple parts of an obpect could be matched from
many different frames. However, the representation and
matrhing may not lead to exact matches but is more suited
to similanty searches. Our strategy of object extrachion
within sequence is motivated by this approach, but we use
different feature representatiom and matching metnc. We
rustomize our across sequence aliynment and  flexible
matching components to suit the resolubion constramts as
well as the goal of exact matching,
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For object matching and dassification, there has been
sigrmificant development in part-based approach in recent
years. Im [15], objects are represented as a flexable constella-
tion of parts. Scale invariant features (parts) are finst detected
and a probabilistic model is wsed to represent the appear-
ance, scale, ooclusion, and shape (comfiguration between
parts) of the object dass. The model parameters are leamed
using an EM framework and images are classified m a
Bayesian manmer. Training s required in this approach and
object coverage from the detected features 1s not guaranteed.
Another part-based approach s by [5]. In their work,
“informative” overlapping parts (fragments) are selected
om the basis of maximizmng the information delivered by the
fragments about the dass (faces, cams, efc.) they represent
Offline training has to be conducted in thas approach. The
representations developed m these works are too coarse for
the purpose of object instance matching. Other related work
mchades [3], [16], [17], [18]. [19], etc.

Another representative part-based object (especially
viehicular object) detection method is developed in [20]. A
vicabulary of distinctive object parts s automatically
constructed from a set of training images. Images are then
represented wsing parts from this vocabulary and  the
spatial comfiguration between parts is also modeled. Based
on this representation, a leaming alponthm 15 wsed o
automatically leam to detect instances of the object class
niew IMmages.

Another vehicle identification algorithm s proposed by
Ference et al. In [2], they wsed a hyperfeature for object
mstance matching, where both local object appearance and
location saliency are encoded. By modeling the distribu-
bHons of companson metrics on the salient patches and
applying the mutual information-based feature selection, a
compact representation of the features with high sahency
can be build from a single example and efficient object
identification can be achieved.

3 PrRoPOSED APPROACH

3.1 Owerall Approach

Figz. 2 illustrates our overall approach and it consists of four
major steps. We briefly summarnize the four steps next and
more detals follow m Sechons 3.3, 34, 35, and 3.6.

3.1.1 Within Seguence Object Mask Generafion

In the standard frame-to-frame tracking process, the pixel-
by-pixel ownermship for the background and foreground
cannot be perfectly assigned due to the madequate back-
ground stabilization and subsequent change detechon or
imperfect background modeling and subtraction. Howewver,
reliable object matching requires the distrachon from the
background be reduced to the minimum. Therefore, we first
need o obtam the precise object ownership mask, given an
appricamate bounding box for the object. We choose region
features for the task since they have good coverage
property. Blob-like regions for the key frames are extracted
after they are aligned with therr neighboring frames within
the sequence and the blob configuration and appearance are
simultaneously compared wsing an EMD-based metnic.
Outliers due to background clutter are also rejected and
an accurate object mask 15 generated in the blob matching
PIOCESS.
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Fig. 2. Owerall image matching framework. i consists of within sequence
mask gensration (cream), across sequence image alignment (blue)

steps, following the similarnty measurement. A sequence-to-sequence
maiching strategy i used to achieve robustness to occlusion, pose, and

3.1.2 Across Sequence Image Alignment and Maiching
For across sequence matching between key frames, large
pose and appearance change need to be dealt with. Since
cormer-like and line features have good localization char-
actenistic, they are vhhized to align query and learning:
images to the best possible accuracy.

3.1.3 Maiching Measurement

A matchimg score 15 produced that conssists of several terms
(normalized color correlation, color similarity, ete) that are
computed within the object mask. More details are given m
Section 3.6,

3.1.4 Sequence-to-Sequence Matching

Finally, we pose the problem of vehicle matching and
fingerprmting with the aenal video comtext as sequence-to-
sequence matching problem. Sequence-to-sequence match-
ing can be robust to cocusion, pose, and lighting changes.
OUne frame can potentially find a best match within a
sequence of frames that may not be all affected by the same
set of changes. We first choose all the representative key
frumes for both leaming and query sequences. We then
matrh each key frame in a query sequence to each key frame
in a leaming sequence. Key frames were selected based on
the drastic change in appearance and motion. Smmple
appearance and motion model were used for this purpose.
The frame-to-frame matching uses agpregated matching of
lowal netghborhoods with flexible templates, as illustrated m
Section 3.6, The best matching score 15 chosen as the final
matrh measure. Choomsing the best K pairs with /without
temporal constraints s another option. Altermatively, one



