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Abstract

This paper introduces a layered representation for infrared
imagery and studiesits application into pedestrian detection
and tracking. We present ageneralized EM algorithm to de-
compose infrared images into background and foreground
layers and study the phenomenon of polarity switch. We
propose a hybrid (shapet+appearance) algorithm for pedes-
trian detection, in which shape cue is first used to elimi-
nate non-pedestrian moving objects and appearance cue is
then used to pin down the location of pedestrians. We also
formulate the problem of shot segmentation and present a
graph matching-based pedestrian tracking agorithm. Ex-
perimental results with OSU Thermal Pedestrian Database
are reported to demonstrate the excellent performance of
our agorithms.

1 Introduction

A. Background

Advances in sensor and computing technologies have
tremendously enhanced the capabilities of machine vision.
In particular, the cost of thermal sensors has reduced dra-
matically in the past decades and we start to witness the
popularity of infrared (IR) imagery with high dynamic
range and sensitivity. Since the wavelength of IR sensors
is beyond visible spectrum, they often have distinguished
imaging capability. In particular, long-wave IR (thermal)
sensors have been widely deployed in various applications
such as night-vision and all-weather surveillance.

Recently, there have been aflurry of works on pedestrian
detection and tracking in IR imagery. In [6], probabilistic
templates are used to capture the variations in human shape
for pedestrian detection. In [13], support vector machine
and Kalman filtering are adopted for detection and tracking
respectively. In [14], the P-tile method is developed to de-
tect human head first and then human torso and legs are in-
cluded by local search. In[7], aparticle swarm optimization

algorithmis proposed for human detectionin IR imagery. In
[3], atwo-stage templ ate-based method with an Adaboosted
classifier was presented for pedestrian detection.

In visible spectrum, human vision system (HV'S) is often
used as the benchmark for the robustness and accuracy of
machine vision systems. However, aswe enter the IR range,
several tantalizing question arises: is simulating HV'S till
the right approach? What do we mean by “look like" if the
object isinvisible to human eyes but still detectable by ther-
mal sensors? How can we display thermal sensor data to
achieve the best visualization effect (note that we are not di-
rectly seeing any object but its response to electromagnetic
waves)?

All those questions indicate that conventional wisdom
in computer vision research might not be applicable as we
go beyond the visible spectrum due to the different imag-
ing principle. In the early development of HV'S, stimulus
such as shape, contrast, and color all belong to visible range
which the HV'S has learned to adapt to. Therefore, even if
IR sensor data can be displayed on the screen like visible
grayscal e images, their appearance on the screen often does
not fully convey the information they carry.

For example, Fig. 1 shows two sample images from
OTCBVS benchmark - the OSU thermal image database.
In the left image, the contrast is particularly poor due to the
rainy weather condition, which makes it difficult for HVS
to discern the person at the highlighted spot. In the right
image, the person is at the image boundary and partially oc-
cluded by atree. However, if welook at the pseudo-colored
version of the same sensor data, the occluded person ap-
pears to be more “visible” (refer to Fig. 2).

B. Contributions

In this paper, we argue that the goal of computer vi-
sion beyond visible spectrum is to develop computational
and statistical techniques with optimized performance for
the given sensor data and tasks. Specifically, we present a
layered representation for IR imagery and demonstrate its
effectiveness in pedestrian detection and tracking. Layered



Figure 1. Discerning pedestrians from IR images could be
tricky for human eyes due to thermal properties (Ieft) or oc-
clusion (right).

Figure 2: Visualization of sensor data affects the interpreta-
tion by HV'S: the right image is arguably easier for pedes-
trian detection than the left one.

representations have been widely used by object tracking in
visible imagery [5]. For IR imagery, layered representation
is also attractive because it facilitates the statistical model-
ing of sensor data. We propose to decompose an IR image
into two layers: background (still objects) and foreground
(moving objects).

Layer separation or background extraction is easy if the
camerais kept still (e.g., using the standard EM a gorithm).
To accommodate camera panning, we propose ageneralized
EM-based background mosaicing algorithm that takes the
global motion into account. Onetricky question ariseswhen
pedestrians remain still throughout the sequence - should
we assign them to foreground or background? To overcome
such difficulty, we propose an engineering solution - i.e., IR
sensor can be programmed to take shots either frequently
in aday (eg., every other hour) or at particularly chosen
timing (e.g., 6AM when it isunlikely to catch pedestrians).

Layered representation facilitates the detection and
tracking of pedestrians. The support of foreground layer is
decomposed of connected regions that correspond to mov-
ing objects. We propose to locate pedestrians from the fore-
ground layer in two steps: 1) shape-based classification -
does this object contain any pedestrian? 2) appearance-
based localization - where is the exact position of each
pedestrian? In the classification step, compactness and lean-
ness of the object are extracted and trained by support vec-
tor machine (SVM) [11]. In the localization step, a modi-
fied principal component analysis (PCA) technique [10] is

developed to statistically infer the most likely position for
each pedestrian. Such hybrid (shape+appearance) approach
has achieved excellent performance on OTCBVS bench-
mark.

We aso formulate the problem of shot segmentation -
i.e.,, segment an ordered yet nonuniformly sampled image
sequence into different shots. We have developed a geo-
metric shot segmentation technique based on Hausdorff dis-
tance. Within each shot, unlike existing recursive tracking
techniques based on Kalman-filter [13], we formulate track-
ing as a matching problem on weighted bipartite graphs.
Each pedestrian is treated as a node and for every matching
(edge) between two nodes from adjacent frames, we adap-
tively alocate the weight reflecting the tradeoff between
shape-appearance similarity and geometric proximity. We
also pay specia attention to frames with overlapped pedes-
trians that are difficult for tracking.

The rest of this paper is organized as follows. Section 2
describes a generalized EM algorithm for background ex-
traction and discusses the detection of polarity switch. Sec-
tion 3 includes shape-based classification and appearance-
based |ocalization techniques for pedestrian detection. Sec-
tion 4 covers shot segmentation and matching-based pedes-
trian tracking. Experimental results are reported in Section
5 and concluding remarks are included in Section 6.

2 Layered Representation

A. Modeling of IR Imagery

Let us introduce some notations first. A sequence of IR
images are denoted by I;(m,n) wherek = 1,2, ..., K and
(m,n) € Q =1, M]x[1, N] aretemporal and spatial vari-
ables respectively. Each sequence is assumed to be taken at
a large camera distance and within a short period of time
such that environmental factors such as precipitation and
temperature remain unchanged. Any IR image is decom-
posed of background and foreground layers and we make
the following key observations:

e Background (still) layer

A ill background is defined to be the sensed envi-
ronment without any moving object (e.g., walking person,
moving vehicle). Three kinds of uncertainty factors are
considered in background modeling: 1) sensor-related in-
cluding maotion and noise characteristics of the sensor; 2)
weather-related such as rainy, cloudy or sunny conditions;
3) landscape-rel ated, namely objectsthat cover awiderange
of thermal spectrum but physically remain still (e.g., trees,
benches and post lights).

e Foreground (moving) layer

The thermal signature of moving objects is varying in
both spatial and temporal domain. Taking pedestrians as
an example, human head usually disperses more heat than
other parts of human body because it is directly exposed to



the outer environment; arms and | egs often experience more
variation temporally than head and torso due to walking-
related motion. Additionally, weather factors could giverise
to rare events in IR images (e.g., umbrella or raincoat that
affects the thermal signature of a person).

The above observations indicate that temporal con-
straints of motion, shape and appearancefor visibleimagery
[1], [5] do not hold for IR imagery. Instead, we propose a
two-layer representation

I = (1—M]€)Bk+Mka+Wk7 (1)

where By, Fy,, M, stand for background, foreground, mask
layer respectively and ;. models sensor noise. When com-
pared with more complicated layered representations devel -
oped for visible imagery, such two-layer representation is
adopted for its simplicity and suitability for detection and
tracking applications. Since mask layer carries critical in-
formation about moving objects, we target at a maximum-
likelihood (ML) extraction of mask layer along with the
background.

Ancther important difference of IR imagery from visible
imagery is the heavy noise. The strength of thermal sen-
sor noise is strong enough to be highly visible. Empirical
studies have shown that the additive noise term W, approx-
imately observes the Gaussian distribution with zero mean
and variance of o,, € [40,60]. Such heavy noise poses a
challenge to both background extraction and pedestrian de-
tection. In background extraction, we will suppress noise
components by adaptive tempora filtering; in pedestrian de-
tection, we will intelligently choose the number of principal
components to minimize the noise interference.

B. Background Extraction

In the absence of camera motion (i.e, B, = B), EM
algorithm can be used to extract the still background. With
camera motion, we are facing a more general background
mosaicking problem[2] - each B, can beviewed as asubset
of the mosaicked image B. In this section, we present a
generalized EM algorithm to mosaick the background of IR
imagery under the assumption of camera panning motion.

In the basic EM algorithm without camera motion, mask
layer M, and background layer B, = B areiteratively re-
fined (refer to [4, page 310]). In our generalized EM algo-
rithm, an additional image alignment step is adopted to han-
dle the global camera motion. At the initialization, phase
correlation method is used to register K IR images and pro-
duceaninitial estimation of B. At each iteration, we update
Mj, by thresholding |1, — By|, refine the alignment results
by excluding the foreground pixels and then update B, by
adaptively averaging the K registered images.

The stopping criterionissettobe || B+ — B2 < g,
where § is a small positive number (e.g., 0.01). Empirical
studies have shown that such algorithm converges rapidly
(typicaly 3 iterations). To improve the robustness, we use

morphological filtering to process the mask layer to eim-
inate small objects (connected components) and fill in the
holes of moving objects. After background extraction, the
set Qoy = {(m,n)| My (m,n) = 1} consists of connected
components Ry, ..., Rg, where Ej, is the total number of
moving objects.

One interesting phenomenon with IR imaging is the so-
caled “polarity switch”. When it occurs, hot and cold
ranges of thermal sensor get reversed - for instance, pedes-
trians that normally give rise to bright pixels could become
dark pixels. To the best of our knowledge, the mechanism
of polarity switch has not been well documented in the lit-
erature. The test data available for experimental studies are
also limited at this point. Therefore, based on a simplified
assumption that a significant portion of pedestrians would
turn dark when polarity switch occurs, we propose to com-
pute the average of e, = F}, — By over the set Q,,,, and
use the polarity of e, astheindicator (refer to Fig. 7).

Another tricky issue with background extraction is that
some pedestrians could remain still throughout the whole
sequence and therefore get assigned to background instead
of foreground due to the limited recording time. If the tem-
pora interval between images is sufficiently long (e.g., an
hour), such difficulty easily goes away because it is un-
likely someone would remain still for hours. However, as
the recording time increases, environmental factors might
vary as well. Therefore, we propose a compromised solu-
tion in practice - sensor can be programmed to either take
shots more frequently in a day or take some images at the
sunrise everyday - those images are used as the reference
only.

3 Static Pedestrian Detection

Unlike joint exploitation of motion and appearance for
pedestrian detection in visible spectrum [12], motion cue
might not be available in IR imagery. Therefore, we con-
strain ourselves to static pedestrian detection here and con-
sider the shape and appearance cues only. Shape alone is
difficult because human silhouette is view-dependent and
becomes more complex when more than one person clus-
ter around. Appearance aone is insufficient either because
unlike visible imagery, color and texture do not contribute
to the appearance variation in IR imagery. In this paper,
we propose to first use shape information to reject non-
pedestrian moving objects with high confidence and then
resort to appearance to locate the exact position for each
pedestrian. Such sequential exploitation of shape and ap-
pearance cues distinguishes our technique from previous
works[3],[6].

A. Shape-based Classification

To effectively eliminate non-pedestrian objects (vehicles
and animals) from 2,,,,.,, we consider the following shape



descriptors for a moving object: 1) compactness r; = %2,
where p and A measure the perimeter and area of the mov-
ing object respectively; 2) leanness ry = 7=, where Iy, [,
denotes the total length of projected segments of skeleton
along the horizontal and vertical direction respectively. If
the skeleton contains any bifurcation, we propose to decom-
pose it into multiple curve segments and do the projection
for each segment separately (refer to Fig. 3).

-
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Figure 3: @) moving object; b) skeleton; c) decomposed
curve segments; d) projection onto horizontal and vertical
axes.

The two scale-invariant descriptors are adopted for dis-
tinguishing animals and vehicles from humans. Animals
(e.g., cats and dogs) typically have smaller compactness ra-
tio than humans due to their dominant torso; vehicles of-
ten have smaller leanness ratio due to their fat shape. The
classification of any moving object into pedestrian and non-
pedestrian isbased on (71, r2) and we adopt the SVM-based
classifier [11]. Since our shape classifier does not need to
separate connected pedestrians apart, it achieves excellent
Receiver Operating Characteristic (ROC) performance (re-
fer toFig. 4).
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Figure 4. Shape classifier trained by SVM.

B. Appearance-based L ocalization

Based on the shape classification results, we continue to
exploit the appearance cue to pin down the exact location
of each pedestrian within each moving object. We adopt

a modified principal component analysis (PCA) technique
similar to eigenface [10]. Note that here the role of PCA is
not to detect but to localize the pedestrians. PCA is attrac-
tive for IR imagery because thermal imaging is less sensi-
tive to illumination and pose. The linear subspace structure
of PCA lends itself to the task of separating connected or
locating partially occluded pedestrians.

In our current implementation, we choose a fixed win-
dow sized 20 x 30 for each pedestrian, though it is straight-
forward to generalize it into multi-resolution at the price of
higher complexity. The PCA-based localization technique
is summarized as follows.

Sage 1: Normalization

We normalize e, = Fj, — By by the maximum absolute
valuein each frame, i.e.,

ek

B @

€ = |
€k max

where ey maz = Mam nler(m,n)| andtaking the absolute
value is for the purpose of accommodating polarity switch.
Both training and detection are performed with the normal-
ized difference image ey

Sage 2: Training and Projection

We follow the same procedure as presented in [10] to
obtain an image p(m,n) indicating the likelihood of con-
taining a pedestrian at each pixel. The major consideration
here is the choice of how many largest eigenvalues be con-
sidered asprincipal. The optimal valueisdetermined by the
power of noise as well as the subspace structure of signal.
For OSU thermal pedestrian database, our studies show that
keeping the largest twelve eigen-vectors achieves nearly op-
timal signal-noise separation.

Sage 3: Location Aggregation

We first identify all local minimum in p(m,n) whose
valueis below a pre-selected threshold th asthe candidates.
Then we locally aggregate the multiple candidates into one
if they are too close to each other. Specifically, if the over-
lapped area of two candidates is more than 30% of the win-
dow area (20 x 30), we aggregate them into one; otherwise
they are treated as two adjacent yet different pedestrians.

We note the three significant departures from conven-
tional PCA practice. First, normalization is important to
accommodate a variety of environmental conditions across
the database. Second, PCA is only applied to a small frac-
tion of pixelsin the image - i.e. the moving objects in the
foreground layer that have survived shape classification. In
fact, the complexity can be further reduced by the use of
distance transform because the local minimum in p(m,n)
is likely to be close to the skeleton of each object. Third,
local aggregation strategy helps more accurately align the
template window with the pedestrian. Such strategy also re-
flects our idea of using PCA as alocalization tool to handle
the challenging overlapped-pedestrian cases.



4 Pedestrian Tracking

Tracking can be viewed as the dynamic extension of de-
tection where motion smoothness constraint is exploited to
establish the correspondence of moving objects across mul-
tiple frames. However, such motion-related constraint can
only be exploited for video frames whose sample rate is suf-
ficiently high (otherwise they are no different from static
images). For an ordered yet nonuniformly-sampled collec-
tion of IR imagery, we need to do shot segmentation be-
fore tracking. A shot is defined as a collection of consecu-
tive frameswhose adjacent timeinterval is sufficiently small
(e.g., afraction of second).

A. Shot Segmentation

Based on the above definition, it is reasonable to assume
that frames within the same shot look more alike than those
outside. In visible imagery, histogram-based techniques are
often suitable for shot segmentation. However, histogram
becomes less effective for IR imagery because pixels in
the still background would dominate those in the moving
foreground. In this paper, we propose a Hausdorff-distance
based shot segmentation algorithm with low complexity.

Recall the collection of objectsin foreground layer isla-
beled R4, ..., R, . For an object Ry, we collect the endings
and intersections along its skeleton and form a feature point
set C (solid circlesin Fig. 3c). To measure the distance
between two feature point sets Cj, and C.1, the Hausdorff
distance has been widely used in the literature of compute
vision [8]. We adopt the following definition of Hausdorff
distance

h(Cy, Cry1) + h(Cry1, Cr)

|C| 4 |Cha] 7
hX,Y) = maz{min{d(a,b)}},a € X,be Y. 3

H(Cy,Crs1) =

where d(a, b) denotes the Euclidean distance between two
points a, b. Note that the above definition has enforced the
symmetry, i.e., H(Cy, Cxy1) = H(Ciy1,Ck).

One practical constraint that has not been considered in
the definition of Hausdorff distance is that images have fi-
nite size. Therefore, if some pedestrian happens to enter
or leave the field of view, Hausdorff distance between two
frames could be large even if they are temporally close. To
overcome such difficulty, we opt to exclude the pedestrians
around image boundary in the calculation of Hausdorff dis-
tance. Two frames are grouped together if and only if their
Hausdorff distanceis below a pre-selected threshold.

B. Graph Theoretic Tracking

Within the same shot, pedestrian tracking in IR imagery
is often more difficult than that in visible imagery. Unlike
visible imagery containing color and texture cues, shape is
arguably the only cuethat can be exploited by trackingin IR
imagery. When the camera distance is large, shape discrep-
ancy between two different person but with similar weight

and height is small. The thermal signature of a person is
constantly varying due to the walking motion. Moreover,
when two pedestrians walk closely or pass by each other,
the overlapped shape of pedestrians experiences severe de-
formation, which makes tracking even more difficult.

To overcome the above difficulties, we propose the fol-
lowing two strategies. First, instead of considering the
whole silhouette of a person, we only take the head and
torso into account in tracking for the purpose of suppress-
ing the interference of limb motion. Specificaly, we cal-
culate the centroid of any pedestrian » and takea 10 x 15
rectangular box €2;; surrounding the centroid (refer to the
red box in Fig. 3a). Then the intensity profile of moving
object within that box can be characterized by a 3D surface
Sy = {(m,n, I(m,n))|(m,n) € QpopNQpt }. TOMeasure
the similarity between two pedestrians u, v, we can align
them at the centroid and calculate the Hausdorff distance
between S, and S,,. Such 3D geometric approach empha
sizes both the shape and appearance of pedestrians and we
denote the calculated distance by d,.

Second, we propose to adaptively exploit the cue of sim-
ilarity and proximity in the spatio-temporal domain. If
pedestrians in the scene are far away from each other, geo-
metric proximity is often sufficient for establishing the cor-
respondence (e.g., hearest neighbor rule). In difficult sce-
narios where multiple pedestrians walk closely or pass by
each other, shape and appearance are often more reliablefor
tracking purpose. Temporally, we propose to handle frames
that do not contain overlapped pedestrians first and attack
difficult frames based on the tracking results obtained for
easy ones. Such temporal adaptation isimportant to resolve
the correspondence ambiguity by exploiting the pattern of
walking motion.

We opt to implement the above ideas for two-frame
tracking under a graph matching framework [9]. Let G
be a weighted graph, in which 2Q) nodes denote the de-
tected pedestrians. U = {u1,...,ug} from I, and V. =
{v1,...,vq} from I . Forany uw € U and v € V, thereis
an edge between them whose weight is

w(u,v) = adsg + (1 — a)dey. (4

where d,, is defined earlier, d.,, is the Euclidean distance
between the centroid of u, v and the weight « isthe overlap-
ping ratio of u, v (i.e., theratio of overlapped areato pedes-
trian window size). Note that when o > 0, d,, is often
much larger than d.,, and easily dominates the weight as-
signment. With the above-defined weighted graph G, two-
frame pedestrian tracking can be formulated as a bipartite
matching problem with set U and V.

For multiple frames, we assume that frames without
overlapped pedestrians are processed first. Conditioned on
the tracking results for those frames, we modify the weight
assignment strategy for overlapped pedestriansto reflect our



a priori knowledge about human walking motion. For ex-
ample, if we assume that the motion trajectory of human
walking is smooth, we might replace the Euclidean distance
de,, by the derivative of turning angles, i.e.,

w(u,v) = adsq + (1 — a)|p(uu, i) — ¢, vv')|. ()

where u/,v" are the matched pedestrians of wu,v in
Ij—1, I 42 respectively and ¢(d, E) denotes the turning an-
gle between two vectors. Note that the adoption of deriva-
tive is due to the observation that for any pedestrian, the
events of making a sharp turn and passing over another per-

son are unlikely to occur at the same time.

5 Experimental Results

In this section, we report our experimental results with
OTCBVS benchmark - OSU thermal pedestrian database
[3]. Currently, there are ten test sequences in the database.
Each sequence contains 18-73 frames that are taken within
one minute but not temporally uniformly sampled (they are
the subset of 30Hz video coming out of IR camera). The
database reasonably covers a variety of environmental con-
ditions such asrainy, cloudy and sunny days; however, only
one sequence (#3) contains polarity switch. The camera
is kept till all the time and non-pedestrian moving objects
in the database are rare (only one moving vehicle and one
walking dog).

A. Background Extraction

We first demonstrate the performance of the proposed
EM-like background extraction algorithm. To simulate
camera motion, we randomly shift each frame by (d,, d,)
(ds, dy are random integers between 1 and 10). Fig. 5
shows the background mosaicking result for original se-
gquence #4 without camera motion (standard EM algo-
rithm) and shifted sequence with simulated camera motion
(generalized EM algorithm). It can be observed that gen-
eralized EM algorithm effectively separate moving objects
from the background regardless of camera motion.

To illustrate the problem with motionless pedestrians, we
take sequence #8 as an example. If we only use its 24
frames in background extraction, the two pedestrians will
be assigned to B, which seriously affects the detection per-
formance as observed in [3]. Since we do not have any ref-
erence image taken at the same day, we opt to add another
24 frames of sequence #10 with similar thermal charac-
teristics. It can be observed from Fig. 6 that incorporating
more framesinto background extraction alleviates the prob-
lem, though some ghost shadow of two pedestrians remains
(it has been experimentally confirmed that the ghost shadow
does not affect the detection). We conjecture that motion-
less pedestrians will not pose any problem if appropriate
reference frames are available (refer to the engineering so-
lutions sketched at the end of Sec. 2).

Figure 5: Extracted background for sequence #4 without
(left) and with (right) simulated camera motion.

We have aso did a preliminary test with polarity switch
detection. Fig. 7 plots the calculated e,,q for @l ten test
sequences. It clearly indicates the negative value for #3,
which isthe only one with polarity switch among ten.

Figure 6: Extracted background using 24 framesin #8 only
(left) and 48 framesin #8, #10 together (right).

B. Pedestrian Detection

Fig. 9 shows the detection result for all ten sequences
in the database. We have adopted the terminology in [3] to
facilitate the comparison. When compared with [3], our ap-
proach noticeably works better on sensitivity performance.
It should be noted that the ground truth provided in the
database only include those people that are at least 50%
“visible”. Highly-occluded pedestrians are not counted in
the ground-truth, which has negative impact on the detec-
tion performance of our scheme. Fig. 10 shows some ex-
amples of miss detection (due to overlapping) and arguably
correct detection (not included in the ground-truth table due
to occlusion).

C. Pedestrian Tracking

In Fig. 7, we also show the shot segmentation result for
sequence #9. The total 73 frames are segmented into four
separate shots. The starting frames of four shots are shown
in Fig. 8. In tracking experiments, the following heuris-
tics is used in finding the optimal matching: if a pedes-
trian is isolated, the best matching can be found by direct
local search (i.e., a = 0); only for overlapped pedestrians
(a > 0), we need to exhaustively try out different assign-
ments. Fig. 11 shows the tracking result for frames No.
13-18 of sequence #5. Each pedestrian is marked by a dif-
ferent color. It can be observed that tracking is successful
despite slight overlapping of pedestrians. Note that since



Figure 7: Polarity switch detection result (Ieft) and shot seg-
mentation result for sequence #9 (right).

our tracking is based on detection results tracking will not
work if any pedestrian is missed at the detection stage.

Figure 8: Frames No. 1, 16, 37, 59 in sequence #9 - they
are the starting frames of new shots.

6 Conclusions

This paper presents atwo-layer representation for detection
and tracking of pedestrians from IR imagery. A general-
ized EM agorithm is proposed for layer decomposition.
A two-stage pedestrian detection algorithm is developed to
first classify moving objects of the foreground layer based
on their shapes and then localize each individual pedestrian
based on the appearance. Such sequential exploitation of
shape and appearance cues leads to superior performance
to previous works. We also study the shot segmentation
problem and present a graph-matching based a gorithm for
tracking pedestrians within the same shot. Preliminary re-
sults on pedestrian tracking are reported.

We believe tracking can help further improve the detec-
tion performance (i.e., from static to dynamic). Within each
shot, the motion cue can be exploited to resolve the ambi-
guity with overlapped pedestrians. A robust overlap detec-
tion mechanism is desirable. The phenomenon of polarity

switch remains poorly understood - e.g., under what con-
dition does it occur? More extensive experiments on back-
ground mosaicing, polarity switch detection and pedestrian
tracking need to be done when more test data become avail-
able (e.g., IR imagery acquired more frequently, with cam-
eramotion and/or polarity switch).
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Figure 9: Detection results for OSU thermal pedestrian database.

Figure 11: Tracking results for frames No. 13-18 in sequence #5.



