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Detection of Loitering Individuals in Public
Transportation Areas
Nathaniel D. Bird, Osama Masoud, Nikolaos P. Papanikolopoulos and Aaron Isaacs

Abstract—This paper presents a vision-based method to automatically detect individuals loitering about inner-city bus stops.
Using a stationary camera view of a bus stop, pedestrians are
segmented and tracked throughout the scene. The system takes
snapshots of individuals when a clean, nonobstructed view of a
pedestrian is found. The snapshots are then used to classify the
individual images into a database, using an appearance-based
method. The features used to correlate individual images are based
on short-term biometrics, which are changeable but stay valid for
short periods of time; this system uses clothing color. A linear
discriminant method is applied to the color information to enhance
the differences and minimize similarities between the different
individuals in the feature space. To determine if a given individual
is loitering, time stamps collected with the snapshots in their
corresponding database class can be used to judge how long an
individual has been present. An experiment was performed using a
30-min video of a busy bus stop with six individuals loitering about
it. Results show that the system successfully classifies images of all
six individuals as loitering.
Index Terms—Computer vision, human activities recognition,
short-term biometrics, surveillance.

I. I NTRODUCTION

T

HIS paper describes the culmination of the work started
in Gasser et al. [1]. Our partner in this endeavor was
Metro Transit, Minneapolis, MN. Metro Transit is one of the
country’s largest transit systems, providing roughly 95% of the
73 million bus trips taken annually in Minneapolis and Saint
Paul, MN. An average of 231,000 board Metro Transit buses
each weekday.
Metro Transit operates 137 routes using a fleet of 913 buses:
70 local service routes, 51 express routes, and 16 contract
service routes. Of these buses, 790 are standard 40-ft buses, 115
are articulated, “accordion” buses, 16 are small buses, and two
are coach buses. All Metro Transit buses have wheelchair lifts
or ramps.
The goal of the project is to create a vision-based system to
monitor inner-city bus stops for suspected drug-dealing activity.
This is a major problem for Metro Transit, because drug-dealing
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Fig. 1.

Example bus stop surveillance frame.

activity makes their bus stops dangerous and discourages citizens from using them. According to officials at the Metro
Transit, drug dealers will typically loiter around bus stops while
their customers come in on buses, purchase their material,
and then leave on other buses. Thus, suspected drug-dealing
behavior can be detected by monitoring a bus stop for people
loitering about longer than would be necessary to catch a bus.
If we were to monitor a bus stop for an extended period of time,
we would notice that people either just walk by or wait for the
bus for a period of time that rarely exceeds 0.5 h after which
they board a bus. Again, one of the main characteristics of
drug-dealing behavior is the presence of the dealer for extended
periods of time without boarding any bus.
The system must then have the ability to match a new
image of a pedestrian to a pedestrian that it has already seen,
essentially a system that can pick someone it has seen before
out of a police lineup. However, in this lineup, everyone is not
necessarily facing the same direction, or in front of the same
background, making automated recognition difficult.
The system is comprised of a single stationary color camera
that is positioned to give a view of the entire bus stop. An
example frame is shown in Fig. 1. Because it must monitor
the entire scene, not much detail can be found about individual
pedestrians. The video from this camera is to be processed
remotely, with suspected loitering activity reported to a human
operator who would otherwise not interact with the system.
Using a vision system in this manner presents many difficulties
including shadows, occlusions, nonrigid targets, and varying
lighting conditions. Other problems lie in the classification of
pedestrians seen such as discerning the volume of data required
to discriminate between varying numbers of pedestrians, what
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features to use to differentiate individuals, and determining
when a given piece of data is no longer useful for classification.
The proposed methods have a wide applicability to domains
such as monitoring of retail spaces, threat evaluation, etc.
The rest of the paper is organized as follows. Section II
reviews literature relevant to the loitering detection system.
Section III gives a brief overview of how the system functions.
Section IV describes in depth the segmentation module of
the system, and Section V describes the correlation module.
Section VI discusses experimental results, and Section VII
presents the conclusions.
II. L ITERATURE R EVIEW
A great deal of work has been presented on low-level vision
tasks such as segmenting foreground objects in a scene from
background objects in the scene. One of the most popular
background segmentation methods is the mixture of Gaussians
method presented by Stauffer and Grimson [2]. This method,
suitable for fixed cameras, represents the background as a
set of weighted, adaptive Gaussian functions at each pixel. If
the color value recorded at the pixel does not fall within the
dominating Gaussians at the current time instance, it is marked
as foreground. This method is very popular and has improved
upon in the literature in places such as [3] and [4].
Tracking has been used with great success in the field of
computer vision. Several methods are used in practice including
tracking the overlap in extracted blobs from one frame to the
next. Other methods track color information within the scene
such as the active contour (snakes) method [5] and the kernel
tracking method [6]. Snakes are useful if the desired region is
very different from the background, while the kernel tracking
method has shown itself to be very robust in tracking nonrigid
targets in complex backgrounds.
A great deal of research has also been invested into automatic
biometric identification of individuals from vision systems.
Face recognition systems, such as the eigenfaces and fisherfaces
demonstrated by Belhumeur et al. [7], recognize individuals
based upon an analysis of facial features. Other biometric
identification methods require much closer monitoring of the
subjects including fingerprints and retina identification. These
methods require high-resolution images of the individuals to be
identified in constrained orientations: one cannot recognize a
face without sufficient resolution, or if the individual is turned
away from a camera. Fingerprints and retina identification
simply cannot be used to monitor a scene from a far-away
vantage point. Other methods, such as color-based models, have
been used to identify inanimate objects in constrained settings
such as the method by Nayar et al. [8].
A variety of statistical pattern recognition procedures are
used to distinguish between different classes of data points
including Fisher linear discriminants (FLD), principal component analysis (PCA), support vector machines (SVM), kernel
FLD, and kernel PCA. FLD and PCA are presented as linear
classifiers by Fukunaga [9]. A good survey of the kernel-based
methods is presented by Muller et al. [10].

Some work has been performed on segmenting individuals
from somewhat unconstrained scenes. Zhao and Nevatia [11]
present a model fitting method to identify individuals in crowds
even when they partially occlude each other. The foreground
tracking portion of the method presented by Elgamal et al. [12]
also demonstrates robustness tracking people through partial
occlusions.
Some work has been presented on identifying specific activities performed by humans using vision-based systems. These
methods can be generally thought to belong to two categories.
The method presented by Ben-Arie et al. [13] demonstrates an
activity recognition model based on tracking the motion vectors
of the subject’s hands, legs, and torso. In contrast, Masoud
and Papanikolopoulos [14] present a method to distinguish
between several motions within a constrained environment
without specifically tracking any particular body parts.
A method to detect people and analyze their behavior in an
outdoor environment is presented by Haritaoglu et al. [15]. This
method segments blobs from grayscale video of outdoor scenes
and then performs silhouette analysis on the blobs to try to
identify the action currently being performed by a subject in
the scene.
III. S YSTEM D ESCRIPTION
The system described here can be divided into two functional
components. The first component is the pedestrian segmentation module. This is the part of the system that goes through
the video and extracts pictures of different pedestrians as well
as rough tracking data to pass on to be classified and analyzed.
The second component is the correlation module. This module
extracts features from the images passed from the segmentation
module and classifies them as either one of the pedestrians seen
before or a completely new pedestrian.
At first glance, this high-level look at the system may seem
very close to the one described in [1], and it is. The highlevel system design turned out to be very good. The low-level
internal workings are a different matter and are very different
to overcome significant shortcomings.
IV. S EGMENTATION M ODULE
The purpose of the segmentation module is to process the
video of a bus stop and extract images of individual pedestrians
from it, along with their most probable backgrounds, time
stamp, and tracking number. It then presents this information
to the correlation module. This portion of the software was implemented using the framework for processing video which was
developed by Osama Masoud at the University of Minnesota.
A. Background Segmentation
Background segmentation is performed on the video stream
using the mixture of Gaussians background segmentation
method described by Atev et al. [3]. This is a refinement on
the original method proposed by Stauffer and Grimson [2],
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which has been further modified to remove divisions for a
significant increase of performance on Intel processors. For
this system, the background is modeled by four Gaussians in
RGB color space. A correlated covariance mode is used, sorted
by the ratio of standard deviations. Using this continuously
updated model for the background, a distance measure in RGB
color space from each pixel to the background pixel can be
used to classify that pixel as foreground or background. This
comparison creates a background mask that identifies every
pixel in the image as either foreground or background.
The structural noise reduction algorithm described by
Bevilacqua [16] is then used on the background mask to emphasize blobs corresponding to possible pedestrians and eliminate
as much noise as possible. For this system, a square 7 × 7 cell
structure was used with a fitness threshold of 20. These settings
will join foreground regions that are not too far separated
because a pedestrian will often split into two or more separate
blobs, but still remove most noise.
B. Blob Extraction and Tracking
Blobs are then extracted from the background mask by
identifying regions of connected foreground pixels. These blobs
are then associated with the blobs found in the last frame.
This provides tracking information for where the blobs are
moving about the scene. In [1], tracking was handled using
the kernel-based tracking method described by Comaniciu et al.
[6]. The kernel tracking method was dropped in favor of blob
tracking for two reasons. The first is that kernel tracker must be
initialized on a target, and this would have to be done through
blob extraction, making the use of a nonblob-based tracker
redundant. The other reason not to use the kernel tracker is that
complete target occlusion causes erroneous results instead of
failure, which is difficult to recover from. Blob tracking does
not have this problem with complete occlusion: the blob merely
ceases to be detected and tracked.
C. Calibration
The system is calibrated using the geometric calibration
method described by Masoud and Papanikolopoulos [17]. Because of the angular layout of most bus stops and the sidewalks
around them, identifying the required geometric primitives in
the scene should not be a problem in most cases. Calibrating
the scene is important because it allows the system to compute
the real world height of a pedestrian based upon the shape
and position of their corresponding blob within the scene.
An example of a calibrated bus stop system can be seen in
Fig. 2, which shows the data fit created by the calibration
system. For the calibration depicted, the gridlike separations
between sidewalk slabs were measured, giving good parallel
and perpendicular lines on the ground plane. Vertical lines
corresponding to street lamps and the newspaper stand were
also used for calibration.
Modifying an idea presented by Zhao et al. [18], the maxima
of a potential pedestrian blob is taken to be the head point of the
blob in the image, hi1 . This head point corresponds roughly to
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Fig. 2. Ground plane calibration of the bus stop scene using the method
described in [17].

the top of the pedestrian’s head. By assuming that the pedestrian
is standing on the ground in the scene, subtracting the height of
the blob from the y-axis component of the head point gives the
foot point of the blob in the image, fi . Using the homography
matrix computed using the method in [17], the world coordinate
point, fw , of the image foot point can be found. A function,
hi2 (z), can be derived for the image coordinate location of a
point some variable heights z above fw in the world coordinate
system. The point closest to the head point in the image plane is
the solution to (1) for hi2 (z). Thus, the height of the pedestrian
can then be found by solving hi2 (z) for z, which results in a long
but closed form solution.

∂
2
hi2 (z) − hi1 2 = 0.
∂z

(1)

D. Pedestrian Identification
Once the blobs have been identified, shape-based recognition
can be performed to identify which blobs correspond to pedestrians and which do not. Because the goal is to identify loitering
individuals by correlating their images, it is important to capture images that have just one pedestrian in them. The heuristics
used by the system to identify pedestrian blobs are very conservative, because it is more important to get only good pictures
of pedestrians than to get every possible picture of every
pedestrian. If a drug dealer is loitering about a bus stop, there
will be many opportunities to capture useful images of him or
her, so passing up some opportunities is not a major concern.
The shape of each blob in the scene is examined at every
frame to determine if it is a pedestrian. The first check of
a potential pedestrian blob ensures that the blob’s height is
greater than its width, that the blob is not within 10 pixels
of the edge of the image, and that the blob has not merged
within the past five frames. If a blob passes these tests, its real
world height is then computed. If the blob’s real world height
is within a threshold of human heights based on statistics from
the National Center for Health Statistics [19], it is classified as a
person. For this system, the blob’s real world height must have
between 60- and 80-in height to be classified as a person.
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B. Fisher Linear Discriminants

Fig. 3.

Pedestrian stripe color example.

If the blob is identified as a person, a pedestrian tracking number is assigned to it unless it already has one. The
pedestrian tracking number is removed if the blob merges with
another blob, but propagates with the blob through tracking
otherwise. The pedestrian tracking number is passed with the
image of the person and the image of the most probable
background to the correlation module for further processing.
V. C ORRELATION M ODULE
The correlation module implements an on-line classification
technique that clusters incoming pedestrian images into classes
comprised of images of a single pedestrian. The time stamps
of the data points within these classes can then be analyzed
to determine if a given pedestrian has been loitering about the
scene or not. The correlation module was implemented using
Matlab.
A. Features
The features analyzed by this method correspond to shortterm biometrics as described in [1]. As opposed to long-term
biometrics such as fingerprints, short-term biometrics can only
describe a particular individual for a relatively short period
of time. In this system, the short-term biometric chosen to
discriminate between people is clothing color, which does not
change throughout the day for most people.
The image of the pedestrian and the image of the most
probable background are both converted from red–green–blue
(RGB) to hue, saturation, lightness (HSL) color space. The
lightness dimension of both images is then scaled by 0.5 so that
slight lighting variations will not unduly skew the results. A
new background mask is then created by applying a threshold
to the distance between the two images at every pixel.
The image of the pedestrian is then segmented into ten
equally spaced horizontal segments as shown in Fig. 3. The
median HSL color of the foreground pixels of each of these
ten segments is then used as the set of features defining the
image of the pedestrian. Thus, the pedestrian image is distilled
down to 30 data points (ten segments, three data points each).
The setup of the feature vector (v ) is shown in (2). Note that all
lightness components (Li ) are scaled to lower their importance
when comparing features.

v = [H1 , S1 , 0.45L1 , . . . , H10 , S10 , 0.45L10 ]T .

(2)

Fisher Linear Discriminants [20] is a powerful method to
reduce the dimensionality of data. It does this by finding an
m-dimensional nonorthogonal basis for an n-dimensional set of
data where m < n. The basis is found using a set of training data
points by finding the basis that minimizes within-class scattering of the data while maximizing between-class scattering
of the data. This emphasizes places where individuals differ
greatly from each other while simultaneously deemphasizing
the ways in which they are similar. Euclidean distances are used
for this purpose.
Use of kernel FLDs [21] was tried briefly, but numerous
problems preclude them from being applicable to this problem
including the inability to find a kernel that sufficiently modeled
the data and the method’s inability to reduce the dimensionality
of the data.
Because of the need to determine the basis prior to classification, an on-line system, such as the one described here, must
be trained on a set of example data before it can be used to
distinguish between classes of pedestrians. Training the system
results in a transformation from the original space to the new
Fisher space as well as a distance cutoff, above which two
points correspond to different classes and below which two
points belong to the same class. The training method used in
this particular application is detailed below. It is assumed that
all feature vectors vk, j ( jth vector in class k) have been sorted by
hand into N classes. Every class k contains Mk feature vectors.
To train the FLD system, the mean feature vector for all
classes and the mean feature vector for each class are needed.
Equation (3) shows how to find the mean feature vector for all
classes, and (4) shows how to find the mean feature vector for
each individual class.


Mk
N


vk, j

µ =

k=1



j=1
N




(3)

Mk

k=1

µk =

Mk
1 
vk, j .
Mk

(4)

j=1

Once the mean vectors have been found, the matrices describing the between-class scatter and the within-class scatter must be found. Equation (5) shows how to compute the
between-class matrix SB . Equation (6) shows how to compute
the within-class scatter matrix SW . Because the vectors used in
this method contain 30 elements, both of these matrices have
30 × 30 dimensionality.
N
1 
 ) · (µk − µ )T
(
µk − µ
N
k=1
M

N
k


(vk, j − 
µk ) · (vk, j − µk )T .
SW =

SB =

k=1

j=1

(5)

(6)
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The transformation matrix D to convert from the original
space to the Fisher space is found by solving the eigenvector
problem involving SB and SW as shown in (7), where D is
the matrix of eigenvectors and V is the diagonal matrix of
corresponding eigenvalues, sorted in descending order.
SB · D = SW · D · V.

(7)

Once the transformation matrix D is found, the training is
complete. The D matrix is then used to find the n-dimensional
Fisher space vector f corresponding to some new feature
vectors v, as shown in (8). To compress the data into an
n-dimensional space, the first n columns of D are used in place
of D. This will produce a vector f with n components.

f = v T · D.

(8)

To compare two Fisher space vectors f1 and f2 , an essentially
Euclidean distance is found between them, as shown in (9).
This distance can then be used with a cutoff value, below which
the points correspond to the same class and above which they
correspond to different classes. It should be noted that since d
is a distance in a warped version of the original space, units
therefore cannot be accurately applied.
d( f1 , f2 ) =

n


( f1,i − f2,i )2 .

(9)

i=1

To find the cutoff distance cd that separates within-class
distances from extra class distances, the distance between all
Fisher space vectors and all other Fisher space vectors in the
example set are found and stored in a vector c. Two other
vectors are created in this process as well, namely, p and
n. Vector p contains the within-class distances and vector n
contains the extra class distances. Thus, the cutoff distance cd
is found by solving (10).

 

(
pj < ci )
(nk > ci ) 
1
 j 
 .
+ k 
(10)
cd = max
over i  2
pj
nk

j

k

C. Correlation
In the course of this research, no reliable way was discovered
to compress all of the data from multiple views of a single
pedestrian down to a single high-dimensional point. For that
reason, a democratic matching process is used to correlate
pedestrians.
The fact that pedestrian images get passed to the correlation
module with their pedestrian tracking number is beneficial to
the system. This allows the system to buffer images with the
same tracking number before any classification is performed.
Once the buffer size limit is reached (typically five), the distance between the FLD point for each image in the buffer and
each image in the database is computed. For each image in
the buffer, the distances between it and all of the images in
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the database are sorted. Assuming the scores are below the
matching cutoff, the matches with the ten lowest scores are
searched in order: the lowest score was first used to find the
first match to another pedestrian tracking number that appears
twice. Matches are found twice to ensure that new pedestrians
are matching an entire class, as opposed to an outlier. When that
match is found, it is declared to be the match for the buffered
image. If all matches are above the cutoff threshold or a match
is not found twice, the buffered image does not match anything
and is declared to be a new pedestrian. This process is repeated
for each image in the buffer.
Once each image in the buffer is matched to a specific
pedestrian tracking number in the database, these matches are
sorted by the second matching score found above. The first
tracking number that two buffered images were matched to is
then taken to be the match. If no match is repeated, the buffer
is declared to be a new pedestrian, otherwise the entire buffer is
then moved to whatever class in the database it was matched to.
In the case that it did not match any class in the database twice,
a new class is created for the buffer contents.

D. Stripe Shifting
A variation on the above method allows for comparing
stripe patterns shifted up or down by one stripe across images.
This was developed to account for some incorrectly segmented
pictures of pedestrians that have either part of the head or the
feet cut off. First, the FLD method is trained on the middle eight
stripe segments of the pedestrians in the training data, instead of
the regular ten stripe segments. This creates the feature vector
vS2 shown in (11). Using this feature vector, the transformation
matrix DS becomes a 24 × 24 matrix when calculated.

vS1 = [H1 , S1 , 0.45L1 , . . . , H8 , S8 , 0.45L8 ]T
vS2 = [H2 , S2 , 0.45L2 , . . . , H9 , S9 , 0.45L9 ]T
vS3 = [H3 , S3 , 0.45L3 , . . . , H10 , S10 , 0.45L10 ]T .

(11)

When comparing actual data, three Fisher space vectors
are created for each pedestrian using (8): f1 corresponding
to feature vector vS1 , f2 corresponding to feature vector vS2 ,
and f3 corresponding to feature vector vS3 . When comparing
two pedestrians, Euclidean distances between the middle FLD
point of the first pedestrian and the three FLD points of the
second pedestrian are found sequentially. To keep the distance
measure symmetric, the distances between the middle FLD
point of the second pedestrian and the three FLD points of the
first pedestrian are also then found. The minimum of these six
distances is then taken to be the matching distance, dS , between
the two points. This can be seen in (12).


dS ( f11 , f12 , f13 , f21 , f22 , f23 ) = min d( f12 , f21 ), d( f12 , f22 ),

d( f12 , f23 ), d( f22 , f11 ), d( f22 , f12 ), d( f22 , f13 ) . (12)
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E. Loitering Detection
To detect loitering from the classes within the database,
the time stamps passed to the correlation module with each
pedestrian instance are used. The time difference between the
first recorded frame the pedestrian was detected and the last
recorded frame the pedestrian was detected is checked for each
class in the database. If this time difference is greater than
20 min, the class is then checked for gaps in detection greater
than 10 min. If no gaps are found, the pedestrian is declared to
be loitering. Thus, if the time frames a pedestrian has been seen
are represented as
t = {t0 , t1 , . . . , tn }
then the pedestrian is classified as loitering if, for all ti , tn −
t0 > 20 min and ti − ti−1 < 10 min.
VI. R ESULTS
To test the system, a 30-min video was captured of a local
bus stop with six “drug dealers” loitering about, while the
general public went about using the bus stop as normal. The
video was captured using a digital camcorder from an elevated
position in a nearby building. These individuals wandered about
the bus stop randomly, even leaving the scene briefly and
returning. The video was then saved at 720 × 480 resolution for
processing. Because of the processing resources required by the
background segmentation portion of the segmentation module
for a video of this resolution, processing cannot be performed
in real time with current hardware. The picture shown in Fig. 1
was taken from this video.
For the tests discussed here, the FLD portion of the correlation module was trained using a set of 205 images of
pedestrians from a different video corresponding to 41 different
pedestrians.
A. Pedestrian Segmentation
The segmentation module is reliable in detecting pedestrians
within the scene. From the 30-min video, 65,490 images of
pedestrians have been segmented, accounting for 2769 different
tracking instances. Fig. 4 shows a screenshot of the segmentation module tracking several pedestrians. Since ground truth is
difficult to find for such a large number of images, ground truth
was found for a smaller set of 8644 images comprising 729
tracking instances. This set was then used to test the accuracy
of the method.
A presence history diagram shows that pedestrians are being
tracked at any instance of time during the life of a scene. An
example 35-s presence history diagram is shown in Fig. 5.
Because a bus stop is not very large and tracking only occurs
when a pedestrian can be well segmented, pedestrians will not
usually be tracked for more than a few seconds at a time.
It is important to note that when going from a 35-s scale to
a scale of 30 min, the normal short tracking instances start
to look like dots although they clearly are not when viewed
up close. The ground-truth presence history diagram for the

Fig. 4. Example frame of the segmentation module tracking multiple
pedestrians.

tracked pedestrians in our test video can be seen in Fig. 6. Note
the long lines of tracking instances corresponding to the six
drug dealers that loitered about the scene.
In general, the segmentation module is very successful in
capturing full-body snapshots of individuals by themselves.
Fig. 7 shows some examples of well-segmented pedestrians.
When problems are encountered in segmentation, the most
common problem is obtaining a snapshot of a pedestrian with
a portion of their head or legs cut off as shown in Fig. 8(a).
Another problem that occurs rarely is obtaining a snapshot of
multiple pedestrians as shown in Fig. 8(b).
B. Discussion of Matching Metric
The pedestrian classification algorithm must match a new
pedestrian with the correct pedestrian stored in its database
if instances of that pedestrian already exist or in a new class
entirely if the pedestrian has not been seen before. The number
of pedestrians stored within the database varies over time as
the matching procedure is an on-line method. Accuracy can be
measured by finding whether each new pedestrian is assigned
to the correct pedestrian class in the database or not. But this
does not mean that a 50% accuracy using this measure can be
simulated with a coin flip; a 50% accuracy means that there is
a 50% chance that the algorithm will match a new pedestrian
to the correct class in the database when a variable number of
classes are in the database. The baseline could be thought of as
assigning a pedestrian randomly to a class within the database.
This results in an accuracy inversely proportional to the number
of pedestrians within the database and is very low once a lot of
pedestrians are added. For the test discussed here, the baseline
would be less than 1% at the end of the run.
Accuracy in this sense can be further analyzed; instead of
just keeping track of whether a classification was correct or
incorrect, how the classification was correct or incorrect can
also be examined. A true positive is when the new pedestrian
instance is correctly matched to a pedestrian class within the
database that contains past instances of the same pedestrian. A
false positive is when the new pedestrian instance is matched to
a pedestrian class within the database that does not contain past
instances of the same pedestrian; the pedestrian instance can
represent a completely new pedestrian or already have instances
of itself elsewhere in the database. A true negative occurs when
the new pedestrian instance is correctly assigned to a new class
in the database because there are no previous instances of the
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Fig. 5. Example pedestrian history diagram, demonstrating pedestrians 9 through 15 being tracked over a 35-s interval.

Fig. 6. Ideal case presence history diagram for the bus stop video.
Fig. 8. Examples of poorly segmented pedestrians. (a) Snapshots of pedestrians with either their head or legs cut out of the frame. (b) Snapshots of multiple
pedestrians mistakenly thought to only be a single pedestrian.

Fig. 7. Examples of well-segmented pedestrians.

class in the database. Finally, a false negative occurs when a
new pedestrian instance is assigned to a new database class
while past instances of the same pedestrian exist within the
database.
C. Ideal Case Results
In the ideal case, the database is maintained in a perfect state
by correcting the classification algorithm when it makes an
incorrect match. The reason for this is to keep the error from
compounding as much as possible. Fig. 9 shows the overall
accuracy of the method as the FLD space distance cutoff is

varied. The reason why the cutoff is varied is because the
training method tends to choose a cutoff that is far too large
to use with so many pedestrians using a training set of only 41
pedestrians. The best cutoff turned out to be a distance of 500
when using a seven-dimensional Fisher space.
The time-varying accuracy of the algorithm with the best
cutoff is shown in Fig. 10. There are two curves plotted here.
The curve labeled continuous represents the mean accuracy of
the system for the entire run, while the curve labeled windowed
represents the mean accuracy of the system over the past 30
comparisons. The windowed curve shows system performance
over a short period of time prior, while the continuous curve
shows the overall performance.
D. Compounded Case Results
In the compounded case, the database is not corrected when
the classification algorithm makes incorrect matches. Since
the instances of various pedestrians can get intermixed with
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Fig. 9. Accuracy variation for the ideal error case when the regular nonstripeshifting method is used.

Fig. 10. Time-varying algorithm accuracy for the ideal error case when the
regular nonstripe-shifting method is used and the cutoff is cd = 500.

each other, the definition of accuracy must be more closely
examined. For the results presented here, a classification is
considered to be a true positive if a pedestrian instance is
matched to a database class that has at least one other instance
of the same pedestrian, if instances of that pedestrian exist
in the database already. A false positive is declared if the
pedestrian instance is matched to a class that does not contain
any other instances of the same pedestrian. A true negative is
declared if the pedestrian instance is correctly identified as a
new pedestrian. Finally, a false negative is declared when a
pedestrian instance is identified as a new pedestrian while there
are other instances of the same pedestrian in the database. The
cutoff distance found for the ideal case is used here because
otherwise a very large cutoff would be chosen that would place
all pedestrians in the same class. This is because the definition
of correctness in the compounded case would value placing all
pedestrians together into one class.

Fig. 11. Time-varying algorithm accuracy for the compounded error case
when the regular nonstripe-shifting method is used and the cutoff is cd = 500.

Fig. 12. Presence history diagram computed for the compounded error case
when the regular, nonstripe-shifting method is used and the cutoff is cd = 500.

The time-varying accuracy of the algorithm with the best cutoff is shown in Fig. 11. The curve labeled continuous represents
the mean accuracy of the system for the entire run, while the
curve labeled windowed represents the mean accuracy of the
system over the past 30 comparisons.
Finally, Fig. 12 shows the presence history diagram for the
pedestrians as they were classified by the nonstripe-shifting
algorithm in the compounded error case. This can be compared with the ground-truth presence history diagram shown
in Fig. 6.
E. Stripe-Shifting Results
The results when the stripe-shifting algorithm is implemented are shown for both the compounded and the ideal
cases. The definitions of correctness are the same as those
used previously. Fig. 13 shows the overall accuracy of the
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Fig. 13. Accuracy variation for the ideal error case when the stripe-shifting
method is used.

Fig. 14. Time-varying algorithm accuracy for the ideal error case when the
stripe-shifting method is use and the cutoff is cd = 300.

method as the FLD space distance cutoff is varied. Again, the
cutoff is varied because the training method tends to choose
a cutoff that is far too large. The best cutoff distance is 300
in the seven-dimensional Fisher space for the stripe-shifting
method.
The time-varying accuracy of the ideal case of the stripeshifting algorithm utilizing the best cutoff is shown in Fig. 14.
The compounded case is shown in Fig. 15. In both of these
plots, the curve labeled continuous represents the mean accuracy of the system for the entire run, while the curve labeled
windowed represents the mean accuracy of the system over the
past 30 comparisons.
Finally, Fig. 16 shows the presence history diagram for
the scene computed by the stripe-shifting method. This can
be compared with the ground-truth presence history diagram
shown in Fig. 6.
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Fig. 15. Time-varying algorithm accuracy for the compounded error case
when the stripe-shifting method is use and the cutoff is cd = 300.

Fig. 16. Presence history diagram computed for the compounded error case
when the stripe-shifting method is used 0 1 -3.6JETpe-s(c)T53.s1 0 e
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TABLE I
COMPARISON OF METHOD VARIATIONS

results make it clear that the three individuals involved were
at the bus stop for a long time. One of the other drug dealers
was separated into two separate classes in the database, both
of which were recorded as loitering. Finally, the last two drug
dealers were properly identified alone and placed in classes
separately, and both were recorded as loitering. No other classes
in the database, representing other passersby, were recorded as
loitering.
All of the loitering classes were somewhat noisy, with 11%
of the instances corresponding to nonloitering pedestrians.
Despite this misclassification error percentage, every loitering
pedestrian was featured prominently in the loitering classes
identified by the system. The method was correctly found and
was classified as loitering all of the loitering individuals. It can
be claimed that all of the loitering individuals in the bus stop
were found by the system, since the three that were placed
together as one were all loiterers. Thus, the nonstripe-shifting
method works very well at identifying loitering individuals
despite some misclassifications.
The stripe-shifting method has some interesting properties
worth looking at. By comparing the time-varying algorithm’s
correctness plots shown in Figs. 11 and 15, one can see that
the stripe-shifting method limits the short-term windowed incorrectness of the algorithm. This can be seen by comparing
the minima of the “windowed” curves in these two figures.
While this is an interesting result, it turns out that reigning in
the outliers like this does not actually help in the identification
of loitering individuals, even if it does help correlate instances
better.
When the results of the compounded stripe-shifting method
are used to identify loitering, the results are much worse than
with the nonstripe-shifting method. Four of the drug dealers and
many passersby were placed together as a single class in the
database and were identified as loitering. Another three classes
identified as loitering were made up of an agglomeration of
many pedestrians. Only one of the drug dealers was successfully classified with himself/herself using this method. Overall,
this method made the classifications far noisier than they were
when the nonstripe-shifting method was used. It is not nearly
as accurate in the long run. The stripe-shifting method was
created to allow more pedestrians to be matched to each other.
Unfortunately, these results indicate that this extra matching
capability serves only to increase the percentage of incorrect
matches.

VII. C ONCLUSION
The system presented in this paper discusses a single camera
system that detects loitering individuals at an inner-city bus
stop, but it can be used to detect loitering people in any outdoor
public place. The system is divided into two main segments.
The segmentation module processes the video and extracts
images of individual pedestrians from it using background
segmentation and blob tracking. These images, along with their
most probable backgrounds, time stamp, and tracking number
are then passed to the correlation module. The correlation
module implements an appearance-based on-line classification
technique that uses the short-term biometric of clothing color
to cluster incoming pedestrian images into classes comprised
of images of a single pedestrian. To determine if a given class
is loitering, the time stamps associated with it are analyzed.
The results presented show that short-term biometrics, such
as clothing color, can be used to match previously seen people
when the use of long-term biometrics is not an option, with an
approximately 66% accuracy. Despite this rather low accuracy,
this matching can be successfully used to identify individuals
loitering about an outdoor scene. The system presented demonstrates this ability by successfully identifying all six loitering
individuals in a 30-min example video of a bus stop. Because
prolonged loitering behavior in public transportation areas such
as bus stops is indicative of drug dealing, the use of this system
can be used to make such areas safer in the future.
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