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Abstract—We present a novel approach for visual detection and
attribute-based search of vehicles in crowded surveillance scenes.
Large-scale processing is addressed along two dimensions: 1) large-
scale indexing, where hundreds of billions of events need to be
archived per month to enable effective search and 2) learning ve-
hicle detectors with large-scale feature selection, using a feature
pool containing millions of feature descriptors. Our method for
vehicle detection also explicitly models occlusions and multiple ve-
hicle types (e.g., buses, trucks, SUVs, cars), while requiring very
few manual labeling. It runs quite efficiently at an average of 66
Hz on a conventional laptop computer. Once a vehicle is detected
and tracked over the video, fine-grained attributes are extracted
and ingested into a database to allow future search queries such as
“Show me all blue trucks larger than 7 ft. length traveling at high
speed northbound last Saturday, from 2 pm to 5 pm”. We perform
a comprehensive quantitative analysis to validate our approach,
showing its usefulness in realistic urban surveillance settings.

See demos at http://rogerioferis.com/IEEEMultimedia/

Index Terms—Large-scale learning, large-scale video collections,
vehicle search, video surveillance.

I. INTRODUCTION

T HE ability to automatically search for suspicious vehi-
cles is extremely important in criminal investigation pro-

cesses. In this paper, we present a complete system for automatic
vehicle search in urban surveillance videos based on semantic
attributes. Rather than relying on license plate recognition [1]
or vehicle classification [2], [3], which may not be effective for
low-resolution cameras or when the plate number is not avail-
able, we provide a complementary search framework which al-
lows the user to search for vehicles based on attributes such
as color, size, length, width, height, speed, direction of travel,
date/time, and location. In particular our system is robust to
challenging urban environments and supports large-scale data
indexing.
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Fig. 1. Traditional methods based on background modeling fail to segment
vehicles in common urban surveillance conditions. (a) Typical crowded scene.
(b) Corresponding foreground blobs obtained through background subtraction.
Note that groups of vehicles are clustered into the same blob. (c) Shadow ef-
fects. (d) Reflections. Note the vehicle bounding boxes are not precise, causing
problems for subsequent modules such as vehicle color estimation.

Urban scenarios pose unique challenges for vehicle detec-
tion. High volumes of activity data, different weather condi-
tions, crowded scenes, partial occlusions, lighting effects such
as shadows and reflections, and many other factors cause serious
issues in real system deployments, making the problem very
challenging. Traditional methods based on background mod-
eling [4], [5] generally fail under these difficult conditions, as
illustrated in Fig. 1.

We propose a novel vehicle detection method that works rea-
sonably well under these conditions. More specifically, we use
a co-training technique where data is automatically captured in
simple conditions (e.g., low activity levels) based on motion and
shape cues and then used to train appearance-based detectors
which work well in complex conditions (e.g., crowded scenes).
Occlusions are explicitly handled by augmenting the training
set with synthetically occluded vehicles generated by Poisson
reconstruction from gradient fields. In order to handle multiple
vehicle types (e.g., buses, trucks, compact cars), we use a de-
formable shape/aspect ratio sliding window. Finally, we train
appearance-based vehicle detectors using large-scale feature se-
lection, showing that the accuracy and sparsity of the classifiers
are considerably improved by doing massively parallel feature
selection over multiple feature planes.

1520-9210/$26.00 © 2011 IEEE
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Fig. 2. System architecture. At the interface, the user specifies a set of ve-
hicle attributes (vehicle description form) and the system retrieves the events
matching the provided description. Our system is designed to handle high vol-
umes of activity.

Once vehicles have been detected and tracked, attributes
are extracted and ingested into a database. In particular, mea-
surements such as speed, width, height, and length of vehicles
are converted to world coordinates through a simple calibra-
tion process, thus allowing search across cameras without
perspective issues. Fig. 2 shows a high-level overview of the
architecture of our system.

The key contribution of our work is an end-to-end system
for vehicle retrieval based on semantic attributes, including a
robust detection/tracking approach for capturing vehicles in
crowded scenes, while supporting large scale data indexing,
where hundreds of billions of events need to be archived per
month. The system interface and operation can be seen at:
http://rogerioferis. com/IEEEMultimedia/InterfaceAndOpera-
tion.wmv.

II. RELATED WORK

In the past few years, semantic attributes have received re-
newed attention in the computer vision community, providing
effective high-level object representations for a variety of appli-
cations, including zero-shot recognition [6], [7], face verifica-
tion [8], and people search [9]. Although semantic concepts and
attributes have been inherently present in image retrieval, scene
classification, and broadcast video search, we are not aware of
any surveillance system capable of searching for vehicles based
on their fine-grained attributes.

Most commercial surveillance systems rely on background
modeling for detection of moving objects, in particular vehicles.
However they fail to handle crowded scenes as multiple objects
close to each other are often merged into a single motion blob.
Environmental factors such as shadow effects, rain, snow, etc.
also cause issues for object segmentation.

Various models and methods have been proposed for appear-
ance-based object detection, in particular vehicle detection. Ex-
amples include the seminal work of Viola and Jones [10] and
many extensions using different features, such as edgelets [11]
and strip features [12], as well as different boosting algorithms
like Real Adaboost and GentleBoost. Support vector machines
with histograms of oriented gradients have also been a popular
choice for object detection [13], [14]. In earlier work, Schnei-
derman and Kanade [15] showed good vehicle detection re-
sults using statistical learning of object parts. Although appear-
ance-based detectors have achieved very good performance in
challenging scenarios, they usually require tedious labeling of
thousands of training samples to work well. In addition, most
methods run below 15 frames per second in conventional ma-
chines, which is not desirable for large-scale surveillance sys-
tems requiring many video channels to be processed by a single
machine.

Co-training and online learning methods [16], [17] alleviate
the manual labeling issue, while constantly adapting the detector
as new data comes in. A common limitation of these techniques
is the inaccuracy in capturing online data to correctly update the
classifier. Differently, our method uses a simple combination of
motion and shape cues to capture a diversified set of vehicles
during extended periods of time.

Several datasets have been proposed for learning and eval-
uation of vehicle detection algorithms. Examples include the
UIUC [18] and USC [19] datasets as well as generic object
recognition datasets which include cars as an object category,
e.g., Caltech [20], MSRC, and the yearly Pascal VOC challenges
[21]. However, these datasets mostly consist of images of vehi-
cles restricted to frontal/rear and side poses and the number of
images of cars is of the order of 1000, which in our opinion,
is insufficient for capturing the entire degree of variation in the
appearance of cars due to changes in pose, viewpoint, illumi-
nation, and scale. Our new dataset consists of around 1 million
images of vehicles in real-world urban surveillance settings.

Methods for occlusion handling in object detection [22] gen-
erally rely on object part decomposition and modeling [14].
In our application, however, these methods are not well suited
due to the low-resolution vehicle images. Video-based occlu-
sion handling from the tracking perspective has been addressed
by Senior et al. [23], but it assumes objects are initially far apart
before the occlusion occurs.

Large-scale learning is an emerging research topic in com-
puter vision. Recent methods have been proposed to deal with a
large number of object classes [24] and large amounts of data.
In contrast, our approach deals with large-scale feature selec-
tion, showing that a huge amount of local descriptors over mul-
tiple feature planes coupled with parallel machine learning al-
gorithms can improve not only the detector accuracy, but also
its efficiency at test time.

In our previous work [25], we have shown a preliminary ver-
sion of our vehicle detection system. The present work proposes
an enhanced detector approach which supports multiple vehicle
types and additionally covers vehicle tracking, large-scale data
indexing, and an application for attribute-based vehicle search.
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Fig. 3. (a) Sample shots from some of the traffic surveillance cameras. (b) Illumination variation in the dataset: Images of cars collected from a single camera
view showing the illumination variation present in the dataset. (c) Vehicles categorized into 12 categories, according to their direction of motion �� ��� � �� �
�� � � � � � ��� � ��� �, showing the diversity in pose of the cars in the dataset.

III. VEHICLE DETECTION IN CROWDED SCENES

In this section, we describe our approach for automatic ve-
hicle detection in urban scenes, including the training dataset
formation, handling of occlusions and multiple vehicle types,
large-scale detector learning, and vehicle detection benchmark.

A. Automatic Data Collection

Since it is costly to manually collect a large and diverse
dataset consisting of cropped images of vehicles, we devised
a simple procedure to semi-automatically collect images of
vehicles in traffic videos, which we now describe.

We collected videos from about 30 traffic surveillance cam-
eras [Fig. 3(a)], which constantly captured data over a period of
several months, providing us with data in a variety of illumina-
tion and weather conditions. Furthermore, due to variations in
the positions of these cameras with respect to the direction of
traffic, there were large variations in poses of vehicles captured
from different cameras.

In each camera-view, vehicles usually appear in 1–4 poses,
as a traffic camera typically overlooks either a single road or an
intersection. We collect data per camera for each vehicle pose
independently by following the steps below:

• We manually define one or more regions-of-interest (ROI),
which specify the regions of the image from where we want
to capture vehicles.

• In each ROI, we perform background subtraction [5] to ob-
tain the bounding boxes of foreground blobs at each video
frame. We also obtain the associated motion direction of
foreground blobs through standard optical flow computa-
tion.

• We collect vehicles by using a simple rule-based classifier
which analyzes the shape and motion of foreground blobs
at fixed time intervals. More specifically, in our implemen-
tation, we just check whether the aspect ratio, size, and
motion direction of a particular foreground blob are within
a pre-defined range of values that characterizes a vehicle.
The range of values is obtained heuristically by taking the

maximum and minimum values of aspect ratio/size/motion
direction from very few manually labeled exemplars (usu-
ally 1–4, depending on the number of vehicle poses in the
scene).

This simple procedure enables us to collect a large number
of images of vehicles, while requiring minimal supervision.
Fig. 3(b) shows examples of training samples captured using
a 10-h video (from 8 am to 6 pm) for a specific camera and
specific vehicle pose. In this experiment, we were able to cap-
ture few thousands of samples without false alarms. Note that
we have many false negatives as we are conservative, e.g.,
in this video, the classifier rejected many vehicle samples in
crowded periods, or vehicles with long attached shadows, etc.
However, we can see in Fig. 3(b) that we capture samples
containing a huge amount of appearance variation—different
lighting, weather conditions, vehicle models, etc. This is ex-
tremely important for training the appearance-based detector
described in Section III-D. Fig. 4 shows another example of
data collection for a specific vehicle pose in different time
periods.

Using this data collection method, we were able to collect
a dataset consisting of about 1 million images of vehicles. We
categorized each vehicle into one of 12 different categories de-
pending on its motion direction, to give a coarse estimate of
its pose [Fig. 3(c)]. The 12 categories were choosing assuming
that detectors will be robust to 30 degrees pose variation, but
more categories could be considered. There is a wide variation
in the scale and pose of vehicles collected from different cam-
eras, even when they have the same motion direction. We no-
tice very few false alarms in the data collection process—in
rare cases, e.g., when a group of small objects have the same
aspect ratio, size, and motion direction of a vehicle. These sam-
ples were manually pruned from our dataset.

B. Dealing With Occlusions

Although the algorithm described in the previous section
can collect vehicle samples under significant variation of ap-
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Fig. 4. Automatically collected data for a specific vehicle pose in different time periods. See http://rogerioferis.com/IEEEMultimedia/SideView-1.wmv for a video
demo. For this specific sequence, we are able to capture more than a thousand cars without false alarms.

pearance, it fails to capture samples with partial occlusion. In
this section, we show a fully automatic process to generate
realistic partially occluded vehicle images. Adding images
with occlusions to the training set makes the detector much
more robust to crowded scenarios, as we will show later in our
experiments.

Fig. 5 illustrates our algorithm. For a given vehicle image ,
we randomly select another vehicle image with its associated
foreground mask . We first dilate to make sure the mask
entirely contains the vehicle. Then we follow the steps below:

• Let be the image formed by pasting the vehicle of
image (i.e., the region defined by ) at a random
location of the bottom of image .

• Compute the intensity gradient: .
• Let be the modified gradient field obtained by

adding zeros to along the border pixels of the fore-
ground mask .

• Reconstruct image which minimizes .
Image reconstruction from gradients fields, an approximate

invertibility problem, is still a very active research area. In ,
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Fig. 5. Synthetic generation of occluded vehicles based on Poisson image reconstruction from gradient fields.

Fig. 6. Examples of realistic occluded vehicles generated by our algorithm. No user intervention is required.

a modified gradient vector field may not be integrable. We
use one of the direct methods proposed by Fattal et al. [26].
The least square estimate of the original intensity function,

, so that , can be obtained by solving the Poisson
differential equation , involving a Laplace and a
divergence operator. We use the standard full multigrid method
to solve the Laplace equation. We pad the images to square
images of size the nearest power of two before applying the
integration, and then crop the result image back to the original
size.

The resultant image is added to the collection of training
samples, and this process is repeated so that many occluded ve-
hicle samples are generated. Note that provides a seamless
blending of two vehicle images, even when they are captured
under different lighting conditions. The superimposed image

may contain pieces of the road and other artifacts due to
noise in the foreground mask . Since we modify the gra-
dient along the border pixels of , the resultant image is
much cleaner and realistic.

A similar algorithm is applied to generate images where the
vehicle of image (which is always positioned in the center
of the image) is the occluder. Fig. 6 shows examples of realistic
training samples generated by our method. The process is fully
automatic.

It is important to note that we always have a vehicle in the
center of the training image. The position of the other vehicle
is constrained by just allowing it to be placed at random loca-
tions that will create partial occlusions, not full occlusions. The
training images are further cropped to have a tighter bounding
box around the vehicle in the center. Since at test time our de-
tector is based on sliding windows, if we have one vehicle oc-
cluding another vehicle, then the detector will fire twice, i.e., we
will have two bounding boxes (one for each vehicle).

C. Dealing With Multiple Vehicle Types

We collected an additional set of images of trucks and buses
for each camera view using our automated data collection tech-

nique with size and aspect ratio defined according to these vehi-
cles. False alarms were manually pruned from the training set.

In order to deal with multiple vehicle types, we resize all
training images so that they have the same aspect ratio. This way
we can model only the appearance of all vehicle types irrespec-
tive of their sizes. The set of resized images therefore belongs
to what we call a shape-free appearance space, since the infor-
mation about aspect ratio is lost [Fig. 7(a)]. We use the term
shape-free appearance space to denote the image space of ob-
jects with the same aspect ratio, without taking into account their
detailed shape outlines as in active appearance models [27].

Note that we learn a single detector for multiple vehicle types
(buses, trucks, and cars). Although different types of vehicles
may differ in appearance, they also have many similar struc-
tures, which facilitates learning. As we will see in Section III-E,
the aspect ratio of the sliding window is varied at test time to de-
tect vehicles with different aspect ratio.

D. Large-Scale Detector Learning

For each camera-view, we learn a specific vehicle detector
for each vehicle pose using training samples collected automat-
ically as described in the previous sections. Therefore, at test
time, we have usually 1–4 detectors running per camera, which
are interleaved across the video frames to improve frame rate.
More specifically, rather than running all detectors in a single
frame, we interleave them across the temporal domain, i.e., we
run detector 1 in frame 1, detector 2 in frame 2, … detector N
in frame N, and then detector 1 in frame N+1, and so on.

The basis of our learning algorithm is the framework pro-
posed by Viola and Jones [10]. It consists of a cascade of Ad-
aboost classifiers, where the weak learners are simple thresh-
olds over Haar-like features. Each stage of the cascade is tuned
to minimize false negatives at the expense of a larger number
of false positives—this allows fast inference by quickly dis-
carding background images. Bootstrapping is also employed by
selecting negatives examples where the previous stages have
failed. For details, see [10].
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Fig. 7. (a) Training images containing multiple vehicle types are resized to have the same aspect ratio. (b) At test time, the aspect ratio of the sliding window is
changed to enable the detection of various types of vehicles such as buses, trucks, and compact cars.

Fig. 8. Feature selection over multiple feature planes. A feature pool containing
a huge set (order of millions) of feature configurations is generated.

The key novelty of our learning algorithm is the introduction
of multiple feature planes in the feature selection process, as
shown in Fig. 8. By considering feature planes such as red,
green, and blue channels, gradient magnitude, local binary
patterns, and many others, we allow the final detector to be
much more powerful, combining Haar-like features of different
modalities. In this framework, feature selection is performed
over a pool containing a huge set (potentially millions) of
feature configurations. This poses a serious problem in terms
of training time, as even with a single feature plane and a few
thousand images Adaboost training takes days on a standard
desktop machine. Therefore, to deal with a huge pool of local
feature descriptors as we are proposing, we need a way to
parallelize training.

Adaboost is inherently sequential [28], making it difficult to
scale in general, but in this particular setup, there is a simple so-
lution: parallelization at the level of features. At each step during
training, we have to compute a large number of features for all
training images and select the one that better classifies the data;
this can be done in parallel, with each CPU working on a subset
of the features, and the amount of synchronization necessary
is minimal: each CPU has to report only the best feature of its
subset.

Additionally, at each stage, a set of negative patches has
to be selected from the set of available negative images. The
selected patches are the ones for which the current classifier
fails. This is the most time-consuming activity in later stages

of the cascade training, taking hours even for a small training
set. Parallelization can also be implemented here, with each
CPU searching for negative patches in a different subset of
the negative images. Again, the amount of time spent on syn-
chronization1 here is comparatively very small, allowing for an
almost linear speed-up with the number of CPUs employed.

So far in our implementation, we have considered parallel fea-
ture selection over four color planes (gray-scale, red, green, and
blue channels). As we will show in the experimental section, by
adding color, we not only improve the robustness of the clas-
sifier but also get a sparser solution, with a smaller number of
selected features. That, in turn, reduces computation time during
inference. We are currently adding more feature planes (gradi-
ents and texture descriptors, multispectral planes, etc.), which
should improve results even more.

E. Running the Detectors

Given a test video frame, we use the traditional sliding
window approach [10] to detect vehicles. The novel aspect
is that we scan the image not only at multiple positions and
scales, but also allow the search window to deform its shape, in
particular its aspect ratio, as shown in Fig. 7(b). This enables
the detection of multiple vehicle types, ranging from large
trucks or buses to compact cars. Since our cameras are fixed,
we apply this search scheme only on motion blobs obtained by
background modeling to improve efficiency and accuracy.

Additionaly, we interleave the classifiers across the video
frames to obtain higher frame rates. Our vehicle detection
system runs at more than 60 frames per second, being appro-
priate for real surveillance deployments which require many
video channels to be processed per server.

F. Vehicle Detection Benchmark

Rather than training a general, single vehicle detector using
our large dataset, we are currently training multiple specific
detectors for each camera. Without loss of generality, we
choose one camera for our quantitative analysis. We collected
a challenging test set from this specific surveillance camera
containing 229 images and 374 vehicles of a single pose
(side-view). The images were captured in different months,
covering different weather conditions including sunny and

1We used message passing interface (MPI) in our implementation.
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Fig. 9. Examples of training images used in different experiments.

Fig. 10. Our occlusion handling approach significantly outperforms other methods in (left) high activity scenes, while having comparable performance to the
standard detector in (right) low activity periods.

rainy days, different lighting effects, such as shadows and
specularities, and different periods of time such as morning
and evening. In addition, we split our test set into two groups:
high activity, i.e., crowded scenes with many occlusions (104
images and 217 vehicles), and low activity (125 images and
157 vehicles).

We applied our data collection technique described in
Section III-A to a 5-h (from 2 pm to 7 pm) video sequence
of the same camera but in a different day/month of the period
used to capture the test images. This way we could collect 1800
training samples automatically without any false alarms, which
were then re-sized to 26 10 resolution. A set of nearly 1000
negative images (non-vehicle data) were collected from the web
and a cascaded Adaboost classifier based on Haar-like features
was learned with a single gray-scale feature plane; later we
will show the enhancement of learning with multiple planes.
Fig. 9(a) shows a couple of examples of training samples of
this standard detector. At test time, we apply the detector at
different positions and scales, in the same sliding window
scheme of [10]

Occlusion Analysis. In order to test our occlusion handling
technique, we synthetically generated 1700 additional oc-
cluded vehicles using the technique described in Section III-B
[Fig. 9(b)] and added them to the training set to create a new
detector. For comparison, we also trained a detector using
images with occluders consisting of random noise [Fig. 9(c)]
and a part-based detector using images of the top part of the
vehicles which are generally not occluded [Fig. 9(d)]. The
ROC curves are shown in Fig. 10. The hit rate is the number
of detected vehicles divided by the total number of vehicles.
Note that our proposed approach significantly outperforms all
other techniques in crowded scenes, while having comparable
performance to the standard detector in low activity scenes,
which is reasonable. The occlusion noise detector does not take

into account the appearance and structure of the occluder as
in our approach. The part-based detector does not have good
performance due to the low resolution of the vehicle images.

Automatic versus Manual Labeling. Fig. 11 shows a com-
parison of results obtained by training detectors using manual
labels and labels collected automatically by our technique. We
obtained 1800 manual labels from the same video sequence used
in our quantitative analysis, considering crowded periods, par-
tial occlusions, and a variety of lighting conditions. The per-
formance of the detector trained using manual labels is supe-
rior in most operating points; however, our method is competi-
tive, and in practice, it would be infeasible to manually annotate
training images for each surveillance camera in large system de-
ployments. We believe our method could come even closer to
training with manual labels by automatically aligning the col-
lected samples through, e.g., congealing. In crowded scenes, for
low false positive rates, we reach better performance most likely
because of the variety of artificially generated occlusions.

Large-Scale Feature Selection. We compared the standard
Adaboost detector using one gray-scale feature plane with our
approach using massively parallel feature selection over mul-
tiple feature planes. As of now, we used four planes (gray-scale,
red, green, and blue channels). Fig. 12 shows the ROC curves
and Table I shows the number of features selected in each plane.
In addition to achieving improved accuracy, our large-scale fea-
ture selection scheme allows the final detector to be more sparse
and therefore more efficient (see Fig. 14).

Sample detection results of our quantitative analysis can
be seen in Fig. 13(a) and (b). We have also applied the same
process (automatic data collection, occlusion generation, and
detector learning) to other camera views, obtaining similar
results. Qualitative results are shown in Fig. 13(c). Superior
results can be obtained by applying our vehicle detector to
video, by constraining the search process to foreground re-
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Fig. 11. Comparison of results obtained with automatic and manual labeling, in (left) high activity and (right) low activity periods. Although the performance of
manual labeling is superior, it would be infeasible to manually annotate training images for each camera in real surveillance deployments.

Fig. 12. Comparison of our approach using massively parallel feature selection over multiple planes with standard Adaboost detection using a single gray-scale
feature plane, in (left) high activity and (right) low activity periods.

TABLE I
NUMBER OF SELECTED FEATURES PER PLANE

gions obtained through background modeling. We refer the
reader to video demos at: http://rogerioferis.com/IEEEMul-
timedia/60HzVehicleDetectionCrowd.wmv and http://roge-
rioferis.com/IEEEMultimedia/CrowdedDetectorDemo.wmv.
Our system runs quite efficiently, at an average of 66 Hz on a
conventional laptop computer (2.3 GHz, 3 GB of RAM).

Multiple Vehicle Types. We qualitatively tested our method
in a particular sequence that was obtained from New York De-
partment of Transportation (DoT). It has low-frame rate and
high volumes of activity. The video demo showing the detection
of multiple vehicle types in crowded conditions can be seen at:
http://rogerioferis.com/IEEEMultimedia/TruckCarsDetection-
Crowd.wmv.

Discussion. The reason why our method is robust to environ-
mental changes (shadows, rain, etc.) is due to the fact that our
data collection method captures many images under quite dif-
ferent lighting conditions, and also due to our rich feature pool.

The robustness to crowds and partial occlusions comes from our
occlusion handling method. The ability to handle multiple ve-
hicle types comes from our shape-free appearance learning and
varying shape sliding window. The efficiency of our approach is
due to the fact that we are learning detectors using samples of
the same camera, which leads to a classifier with much less fea-
tures than a generic vehicle detector. In addition, as we showed
above, we obtain even more sparsity with large-scale feature se-
lection. Failure cases include vehicle images occluded by more
than 40% and other examples for which the detector is not able
to generalize. Fig. 13(d) shows an example of a false alarm. The
performance could be improved even more by collecting more
training data over different days. As we run few pose-specific
detectors per camera, we may not detect vehicles when they un-
dergo poses not covered by the set of detectors, for example,
when a car is turning. In our application, however, the detection
output is used for indexing and to improve tracking, meaning
that we need high precision but some false negatives can be tol-
erated. Finally, we note that our occlusion handling technique
takes into account the appearance of vehicles occluding other
vehicles, but not other types of occlusions, such as a vehicle
occluded by a lamp post. This could be done by automatically
collecting data from object tracks in low-activity periods as ve-
hicles may get occluded.
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Fig. 13. Detection results. (a) High activity and (b) low activity samples used in our quantitative analysis (c) Different camera view. (d) Example of a false alarm.

Fig. 14. Number of selected features at each stage of the classifier. Training
with more features yields a sparser solution.

IV. VEHICLE TRACKING

In this section, we describe our vehicle tracking approach
that utilizes the vehicle detection output described in the pre-
vious section. We use a tracking-by-detection approach [29], but
also combine the information from object segmentation based
on background modeling, so that we guarantee no events are
missed.

Tracking Framework. The goal of our tracking framework
is to combine multiple pieces of information to produce ac-
curate motion estimates for objects in the scene. The input to
our tracking framework consists of three pieces of informa-
tion: detection results (previous section), background subtrac-
tion results [5], and previous time-step track estimates. Detec-
tion results gives us a rectangular box for every vehicle that
has been detected in the current-frame. Background subtraction
gives us a binary image of background and foreground. Note that
while the results of detector and background subtraction often

overlap, they do not necessarily have to match. For instance,
a vehicle may be in the foreground but missed by the detector
or vice-versa where a static object has been detected but is not
in the foreground. On the other hand, when the detection re-
sults do overlap on the background subtraction results, then we
use the high-fidelity of the tracker to break apart the foreground
blob into multiple regions as object hypothesis. For instance, if
two cars are occluded, then background subtraction is going to
generate one combined-blob for the two cars, whereas the de-
tector may produce two individual detections. In such a case,
we use the detection results to break the combined-blob into
two smaller blobs. Finally, inclusion of previous time-step track
estimates ensures that we make smooth associations of the cur-
rent objects with the previous track estimates. Given these three
pieces of information as input, we compute several cost-terms
that measure the cost of association of a particular tracking hy-
pothesis with a particular object measurement in the scene; a
track hypothesis is composed of previous time-step track esti-
mates, new tracks estimates, or merged track estimates. Given
these cost of associations for every track hypothesis with object
hypothesis, we use a greedy-version of the Hungarian algorithm
[30] to solve data association.

Association Costs. Given a tracking hypothesis and an ob-
ject measurement, the cost of association is measured in terms
of three cost factors: centroid-distance, appearance, and size.
Centroid-distance, as the names suggests, measures the distance
between the centroid of a tracking hypothesis and the centroid
of an object measurement. The greater the centroid-distance, the
higher the cost of associating that particular tracking hypothesis
and object measurement. Appearance cost measures the differ-
ence in appearance of a tracking hypothesis and an object mea-
surement using sum-of-squared differences (SSD) in the over-
lapping area; the tracking hypothesis and the object measure-
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Fig. 15. Tracking Results: Top row—tracking results for three nonconsecutive frames of an image sequence where the left picture in each frame shows the result
of background subtraction and the right picture shows tracking results using only background subtraction. Bottom row—left picture in each frame shows result of
vehicle detection and the right picture in each frame shows tracking results using both the background subtraction and the detection results. Note that the inclusion
of detection results allows us to perform tracking at a higher fidelity.

ment are aligned using their centroids. Higher appearance cost
signifies dissimilar appearances and hence a higher cost of as-
sociation. Finally, size cost measures the ratio between an ob-
ject’s size and a tracking hypothesis size. The more this ratio
deviates from 1.0, the higher the cost of association. The cen-
troid-distance, appearance, and size costs for a particular track
hypothesis and object measurements are then combined using a
weighted summation, with weights manually tuned:

(1)

where . and refers to track and object,
respectively.

Weights for the association costs were determined using
grid-search that was measured “pseudo-quantitatively”. A large
group of exemplar video data was chosen, representing multiple
possible scenarios including crowded and non-crowded scenes.
A few frames per video were then labeled with object location
along with a small part of its trajectory. Given such a labeled
set of frames (around 1000 frames), we performed a coarse
grid-search to optimize over the weights to come up with
weights that generally work well across multiple scenarios.

Data Association. Given the cost of association of every
combination of tracking hypothesis and object measure-
ments, we can construct a cost of association matrix.
The data association problem refers to the problem of assigning
tracking hypothesis to object measurements such that the total
cost of association is minimized. The Hungarian algorithm can
be used to solve this problem optimally [30]. However, due
to the real-time runtime requirements of video surveillance
algorithms, we instead use a greedy-version of the algorithm
[31]. Given the cost of association matrix, we select the tracking
hypothesis and object measurement pair that has the least cost
of association and delete that tracking hypothesis and the object
measurement. This process of iteratively selecting the least
cost of association tracking hypothesis and object measurement
is continued until there are no more object measurements or
tracking hypothesis left or if the cost of association rises above
a particular pre-defined threshold.

Qualitative Results. Fig. 15 shows the results of tracking
with and without the use of detection results. The top row in
Fig. 15 shows tracking results on three nonconsecutive frames
of an image sequence using only background subtraction and
without the use of detection results. Note that many of the cars
are clustered into a few large foreground objects that reduces the
fidelity of the tracker. Fig. 15 bottom row shows the same three
frames with the inclusion of the detection results. We can now
break apart the large foreground blobs into individual detections
and perform tracking at a higher fidelity.

As future work, we plan to carry out a quantitative tracking
evaluation as offered in [32]. In terms of efficiency, we note
that computational speed-ups could be obtained by exploiting
the generic nature of motion of object categories involved in
a typical surveillance scene. In fact, vehicles tend to move in
straight lines with some amount of inertia in their motion. We
believe that future tracking methods that can robustly incorpo-
rate higher-level reasoning based on generic motion of object
categories can avoid a lot of computation overhead associated
with re-detection.

V. INDEXING AND SEARCH

In the previous sections, we described our algorithms for de-
tection and tracking of vehicles in urban surveillance videos.
This section covers the extraction of semantic attributes for each
vehicle track, large-scale data indexing, and our application for
attribute-based vehicle search.

In a criminal investigation process, eyewitnesses are typically
asked by the police to fill out a vehicle description form, where
they indicate the characteristics of the vehicle as seen at the mo-
ment of a suspicious activity or when a crime was committed.
Those include direction of travel, license plate number, color,
size, speed, body shape, wheel covers, decals, damages, pres-
ence of features such as sunroof, etc. Based on that description,
the police manually scan the entire video archive looking for ve-
hicles with similar characteristics. This process is tedious and
time consuming.

Our goal is to automate this process by providing a vehicle
search system based on semantic attributes. Our current imple-
mentation allows the user to search for vehicles based on color,
size, length, width, height, speed, direction of travel, date/time,
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and location, but many more attributes could be considered, in-
cluding measurements from non-visual sensors.

VI. ATTRIBUTE EXTRACTION/SEARCH

For each vehicle track, we extract a set of fine-grained
attributes as described below and automatically ingest the
attribute metadata into a backend database system through a
web-based service-oriented architecture. SQL event search
queries such as “Show me all blue trucks larger than 7 ft. length
traveling at high speed northbound last Saturday, from 2 pm
to 5 pm” can then be placed by the user through a web-based
interface. The interface issues requests to a web server, where
Java servlets receive the information and issue queries to the
database backend. The results are then presented to the user.
Thumbnails of the detected vehicles are displayed, and the user
can click on them to view a video clip of the selected vehicle.
The framework and software architecture of our vehicle search
system is similar to the IBM Smart Surveillance Solution [33].
The search interface and a demonstration of our system in
operation can be seen in the following video: http://rogeri-
oferis.com/IEEEMultimedia/InterfaceAndOperation.wmv.

We currently extract the following metadata and attributes
from vehicle tracks:

Date, Time, and Location. We store a timestamp indicating
the beginning, end, and duration of a track. In addition, the in-
formation about the camera and its location in a map is stored,
so that the user can search for events in a particular region of the
city covered by certain cameras at a particular date/time.

Direction of Travel. We currently support search based on
12 motion directions. A motion direction histogram is built for
each vehicle track, and the direction with larger number of votes
is stored in the database.

Dominant Color. We extract the dominant color for each
vehicle, allowing the user to search for vehicles based on six
colors—black, white, red, green, blue, and yellow. The domi-
nant color is computed by initially converting each input video
frame into a bi-conic (hue, saturation, luminance) HSL space,
and then quantizing the HSL space into six colors. This quanti-
zation is done by computing the hue angular cutoffs between the
colors and, in a second stage, relabeling pixels as either white or
black depending on whether they lie outside the lightness/satu-
ration curve above or below the horizontal mid-plane. This is re-
lated to earlier work in color segmentation performed by Tseng
and Chang [34]. A cumulative histogram with six bins in this
quantized space is built over the vehicle images belonging to a
specific track. The color corresponding to the bin which receives
the majority of votes is then assigned as the dominant color.

Vehicle Dimensions. Our vehicle detection approach pro-
vides a precise bounding box and consequently the width and
height in pixels for various types of vehicles. Pixel measure-
ments, however, are sensitive to perspective, as a small car can
look big if it is close to the camera and the other way round.
We solve this issue by calibrating the scene and estimating the
width, height, and length of vehicles in world coordinates, as
described in the next section. We take the median value for each
dimension over the entire vehicle track and ingest those values
in the database.

Fig. 16. Left: polygonal vehicle model. Center: the UI for using a 3-D cube to
obtain the camera calibration matrix. Right: an example of fitted model to the
observed vehicle using the calibration matrix.

Fig. 17. Top Row: projected vehicles before 3-D scaling. Bottom Row: better
fitted vehicle models after proper scaling.

Speed. Once we have the position of a particular vehicle in
world coordinates at each video frame (see the next section), it
is straightforward to compute its speed. We store the average
speed of a vehicle track in the database.

Althoughourcurrent implementationonlyconsiders theabove
attributes,moreattributes suchaswheel covers,bodyshape,pres-
ence of features such as sunroof, etc. could be considered.

A. Estimation of Real-World Features

In many situations like traffic counting and large vehicle mon-
itoring (e.g., trucks), knowing the actual 3-D characteristics of
the vehicles such as width and length are important and critical.
In this section, we present a real-world measuring method uti-
lizing the camera calibration information. In particular, the 3-D
dimensions of detected vehicles (width, height, and length) and
their real speeds are estimated. To achieve this, a 3-D vehicle
model (Fig. 16) is incorporated to represent the actual position
and orientation of the vehicle in the real world.

The camera calibration is achieved by a manual specification
process, where the user can define a 3-D cube, which is sitting
on the ground plane and having edges with equal length (spec-
ified by the user, e.g., 20 ft.), through a convenient definition
interface. The calibration matrix (a 3 4 matrix) is then esti-
mated using the least square fit method by matching the 3-D
cube corners with their 2-D correspondences in the image plane.
The user can also refine the calibration by visually viewing how
well the vehicle model is projected to the image plane and fitted
to an observed vehicle (Fig. 16). Note that in our application,
only the projection matrix is needed. It is not necessary to know
the exact parameters such as camera location, orientation, focal
length, etc. Once the camera calibration matrix is obtained, it is
used to match the 3-D vehicle model with the target object.

In order to correctly project the 3D vehicle model onto the
2D image such that its projection fits the detected vehicle, three
things need to be known for the model: its location on the
ground plane, orientation of heading direction, and the scale of
the model. In our estimation process, the location is initialized
as the intersection of the ground plane with the line that goes
through the 2-D vehicle centroid and the camera center (using
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Fig. 18. Color retrieval results. (a) Example results for a yellow car search. Note that for this particular scene, all taxi cabs have yellow color. (b) Quantitative
results—confusion matrix and color distribution for the captured vehicles.

Fig. 19. Example of a search for large vehicles (larger than 18 ft.). Our vehicle detection method provides precise bounding boxes for multiple types of vehicles.
Real vehicle dimensions in world coordinates are then obtained through a calibration and 3-D model fitting process.

backward projection). It is further refined once the other infor-
mation is known. Assuming there are prior samples of the same
detected vehicle from previous frames through the tracking
process, its heading direction (denoted as ) is estimated as the
motion vector between its current 3-D location and its previous
location on the ground plane. The vehicle model is then rotated
such that it aligns with this vector. If the vehicle is static, its
previous heading direction will be used. For convenience, its
perpendicular vector is denoted as .

There are many different types of motor vehicles, such as
sedan, SUV, mini-van, medium truck, 18-wheeler, etc. Appar-
ently, only knowing where the vehicle is located and to where it
is heading to is not sufficient to distinguish which type of vehicle
it is. In this case, the scale of the vehicle must be estimated to
make the correct inference. Here we provide a straightforward
but robust method for approximating the vehicle scales. Given
the bounding box of an observed vehicle in image, it can be de-
noted as , where are the left, right, top,
and bottom coordinates of the bounding box, respectively. Sim-
ilarly, the bounding box of the 2-D projected model can be also
obtained and denoted as . The aspect ratio differ-
ence between and in and directions are com-
puted as and .
Utilizing the backward projection technique again, we can find
the 3-D vector on the ground plane whose 2-D projection
aligns with the horizontal axis of the image, and similarly, the
3-D vector for the vertical axis of the image. Since these vec-
tors are on the ground plane, their components are dropped.
Assuming all the vectors are unit vectors, the scales in the length

and width dimensions of the vehicle model can be esti-
mated as follows:

(2)

where represents the absolute value of the vector dot
product, and and are the normalization factors. Since
the width and height of a vehicle usually are correlated, the
scaling factor of model’s height is defined as the same as .
Fig. 17 shows some example results for 3-D vehicle scaling.
With the availability of vehicle’s location, orientation, and
scale, its 3-D features such as real length, width, height, and
speed can be effectively estimated.

VII. SEARCH EXPERIMENTS

Color retrieval was assessed on a specific video surveillance
sequence from which we automatically captured 2550 vehicles.
Fig. 18(a) shows an example of search for yellow vehicles. Note
that in this case, all retrieved events are taxi cabs. Fig. 18(b)
shows the confusion matrix and the initial distribution of vehicle
colors. The percentage of images correctly classified is 96.76%.
The average classification rate is 90.72%.

Evaluation of measurements such as width, height, length,
and speed is not trivial as it is difficult to obtain the ground
truth. So we provide a simple qualitative analysis by looking
at search results associated with the query “search for vehicles
with length larger than 18 ft.”, using the same video camera
used for color retrieval over a period of 30 min. A total of
360 events were retrieved. Fig. 19 shows sample results for
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Fig. 20. Estimated number of events in urban environments.

this search, including the timestamp and length information
associated with each icon. By visually looking at the results,
discriminating large cars from small cars (clearly above or
below 18 ft.), we get 314 large vehicles out of the 360 events
that were returned by the search, thus obtaining 87% classifi-
cation accuracy. The classification errors usually come from
false vehicle detections or wrong bounding box estimation.
Note that traditional surveillance systems which offer object
size search based on background/motion segmentation fail to
handle crowded scenes as multiple small objects close to each
other are merged and considered as a single large object. The
video below shows a demonstration of our vehicle dimensions
estimation in world coordinates: http://rogerioferis.com/IEEE-
Multimedia/WorldCoordinates.wmv.

A. Large-Scale Data Indexing

A large urban surveillance system typically has the profile
depicted in Fig. 20. Hundreds of billions of events need to be
archived per month, which is a very challenging task. Next, we
describe our approach to handle high volumes of real-time trans-
actions and how we minimize the transaction/inquiry response
time.

Approach to High-Volume Scaling. Given the event volume
in Fig. 20, the data management layer (web application server
and database) is required to support an ingestion rate of mil-
lions of events per day. Our system accomplishes this by using
a combination of web application server clustering and data-
base partitioning. In a clustered implementation of the web ap-
plication server, a central node redirects traffic from cameras to
secondary nodes to balance the load. As the number of cam-
eras in the system increases, the system can be scaled by adding
new web app server nodes that run on independent hardware,
thus allowing scaling. At a secondary level, a similar philosophy
is used to scale the database server using database partitioning
where a single logical view of the database is supported by mul-
tiple instances of the software running on independent servers.

Minimizing Transaction/Inquiry Response Time. Most
transaction and inquiry response delays can be attributed to
either a non-optimized physical design or an insufficient disk
storage layout for the data store. In a high volume environment,
the characteristics of the metadata are highly important when
designing the appropriate table and indexing mix for a highly
scalable solution. We use the 20/80 rule to optimize access to
the 20% of the metadata that supports 80% of the customer
queries. It is also important to utilize a disk array, which has
been configured to accommodate the amount of information
that is being written from the data store. The following tasks
need to be reviewed and implemented prior to installation: 1)
Hardware disk controller with an adequate amount of cache
to easily handle the known transaction volume; 2) total size of
the data store with respect to the number of physical disks in

the storage array; 3) maximize the number of disk “spindles”
to handle the current storage requirements; and 4) ability to
add more storage space in the event that the number of cam-
eras in scope increases. In addition to using the above design
principles, we leverage the hardware-driven scalability of the
database platform (DB2). This approach has resulted in event
indexing systems that can handle hundreds to thousands of
cameras on high-activity urban environments.

VIII. CONCLUSION

The key contribution of our work is an end-to-end system for
vehicle retrieval based on fine-grained attributes. We have pre-
sented a novel detection/tracking approach for capturing vehi-
cles in challenging urban environments, being robust to crowded
scenes and environmental factors. A comprehensive quantitative
analysis was performed using real surveillance data.

Future work include 1) exploiting our vehicle dataset to learn
a generic vehicle detector using millions of images; 2) adding
more feature planes to generate a feature pool containing hun-
dreds of millions of local features; and 3) developing large-scale
online adaptation methods.
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