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Abstract—Target detection and tracking represent two fun- to parameterize the scene analytically. Recently, statistical
damental steps in automatic video-based surveillance systems|earning approaches have been exploited to provide more
where the goal is to provide intelligent recognition capabilities accurate background models.

by analyzing target behavior. This paper presents a framework . .

for video-based surveillance where detection and tracking are Table | presents an OYer'eW of background subtraction
addressed simultaneously in a unified framework (i.e., detection Methods for target detection. For each method, we report the
results trigger tracking, and tracking re-enforces detections)to model used, the level of information extracted (i.e., pixel-
improve detection results. In contrast to methods that apply pased vs region-based), the type of information extracted
target detection and tracking sequentially and independently (e.g., spatial vs temporal), decision rule, and updating scheme

from each other (i.e., "detect-then-track’), we feed the results . . . .
of tracking back to the detection stage to adaptively optimize (iLe., for dealing with light changes). It should be noted

the threshold used in the detection stage and improve sys- that, many of the existing approaches utilize both spatial and
tem robustness (i.e.,"detect-and-track’). Specifically, the initial temporal information to represent complex background scenes
locations and representations of the targets are extracted by containing stationary and non-stationary information.

background subtraction. To model the background, we employ  1y5cking methods can be divided into two main categories.

Support Vector Regression (SVR) along with an on-line learning . .
scheme to update it efficiently over time. Target detection is In the first category, the state sequence of a target is iter-

performed by thresholding the outputs of the SVR model. atively predicted and updated using prior information from
Tracking uses shape projection histograms to iteratively localize past measurements and likelihood information from current
the targets and achieve a high shape matching confidence level. measurements, respectively. Various filters have been used to
Feeding back the results of tracking to the detection stage nregict the state sequence of a target including Kalman filters
restricts the range of threshold values, suppress false alarms . . -
due to noise, and allows to continuously detect small targets [3] and extended Kalman filters for Il_near pred!ct!ons, and
as well as targets undergoing projection distortions. We have unscented Kalman filters [3] for non-linear predictions. The
validated the proposed framework by detecting vehicles and most general class of filters, however, is represented by particle
pedestrians in traffic scenes using both visible and thermal video filters [4][5], also called bootstrap filters [6], which are based
sequences. Experimental results and comparisons with frame- 5, \onte Carlo integration methods. Methods belonging in
based detection and kernel-based tracking methods illustrate the . .
robustness of our approach. the second catego.ry use various target charac.:ten.stlcs, su.ch as
color or gray-level information, shape, and motion information
|. INTRODUCTION and perform tracking by predicting changes in the appearance
Target behavior analysis depends heavily on the reliabilitf the target from frame to frame [7].
of target detection and tracking which can provide important In tracking alone methods, the initial locations of the targets
information about the location of targets and their tempora@ usually specified manually. On the other hand, the majority
correspondences over time. Both target detection and trackisfgmethods employing detection along with tracking use a
have been investigated widely over the last two decades withtect-then-traclapproach where the target is detected in the
the majority of approaches employing detection alone €&irst frame and then turned over to the tracker in subsequent
frame-based detection, tracking alone, or hybrid schemes sfighnes. The main problem with these methods is that they
"detect-then-track” schemes where detection and trackingim to resolve detection and tracking sequentially and inde-
work sequentially and independent from each other (i.e., detpeindently from each other.
the target in the first frame and turn it over to the tracker in An important issue considered in this work is enhancing
the subsequent frames) [1]. the results of target detection by feeding back to the detection
In detection alone schemes, various detection algorithrstage temporal information from tracking. In this context,
have been proposed based on background subtraction, frameepropose aletect-and-trackscheme where detection and
differencing, and optical flow. Methods based on backgrournichcking are addressed simultaneously in a unified framework
subtraction are common in video-based surveillance syste(ns., detection results trigger tracking, and tracking re-enforces
when cameras are fixed. In these systems, accurate and rotastctions). One approach to deal with this problem is by
background modeling is a prerequisite step; however, dusing a Bayesian decision framework which combines prior
to significant intensity variations in images, it is difficultprobability information provided by tracking with likelihood



TABLE |
OVERVIEW OF TARGET DETECTION APPROACHES

Statistical parametric
Method Model Spectral Spatial Temporal Decision Updating scheme
WA4[10] Minima and max-| Pixel-gray —_— Motion support map | Threshold Parameters
ima
Pfind[11] Single Gaussian | Pixel-color | — — MAP Parameters of Gaust
sian
MoG[12] Mixture of Gaus-| Pixel-gray —_— —_— Threshold Parameters of Gaust
sian sian
Non-statistical parametric
Non- Probability Pixel Neighboring pixels — Threshold Probability  density
parametric[13] density of pixel function
density
Olvier[14] Eigen background| Region- —_— —_— Threshold Threshold
color
Monnet[15] PCA of region Region- — Auto-regressive Threshold Basis vectors  of
color model eigenspace
Wallflower [16] Self-regression P-R-F 4-connected regions | —— Threshold Prediction
model coefficients
Liyuan [18] Principal feature| Pixel-color Gradient Color co-occurrence | Bayesian decision | Linear model
of pixels

information provided by frame-based detection [8]. Howevef. Background modeling using SVR

the performance of target detection depends heavily on thegjyen a set of training data, SVR fits a function by spec-
threshold used to distinguish between foreground and ba%ng an upper bound on a fraction of training data allowed
ground. Another approach is propagating the probabilities g jie outside of a distance from the regression estimate.
detection parameters (e.g. at several scales and poses) Gyg& type of SVR is usually referred to asinsensitive SVR
time using a condensation filter and factored sampling [9]. [20]. For each pixel belonging to the background, we employ a
In this paper, we propose a framework for integrating targgéparate SVR model to model it as a function of the intensity.
detection with tracking to improve detection results. In thigg classify a given pixel as background or not, we feed its
framework, we employ SVR [20] to model the background angtensity value to the SVR model associated with that pixel
an on-line learning scheme [21] to update it efficiently ovefnd we threshold the output of the SVR.
time. The initial locations and representations of the targetsgpecifically, let us assume a set of training data
are extracted by thresholding the outputs of the SVR modgk some pixel p obtained from a number of frames,
where the threshold is adaptively optimized using feedbagky, y,). ..., (z;,4)}, wherez; corresponds to the intensity
from tracking. Tracking uses shape projection histograms toyigjue of pixel p at frame i, and y; corresponds to the
eratively localize the targets and achieve a high shape matchiisghfidence of pixep belonging to the background. Once the

confidence level between successive frames. Using feedb&skr has been trained, the confidence of pixein a new
from tracking restricts the range of threshold values durifgame k, f(z;), is computed as follows:

detection, suppresses false alarms due to noise, and allows .
to continuously detect small targets and targets undergoing Flag) = Z(a
projection distortions. Besides improving detection, integrating

detection with tracking can help to initialize tracking automati- ) .
cally. We have validated the proposed framework by detectiM§'ere k(z:, ;) is a kernel function and, ™ are Lagrange
vehicles and pedestrians in traffic scenes using both visiiltipliers. In this work, we used a Gaussian kernel. The

j — ag)k(zy, 25) + b 1)

j=1

and thermal video sequences. solution of thes-insensitive SVR corresponds to finding values

for the Lagrange multipliers, «* minimizing the following
Il. TARGET LOCATION INITIALIZATION quadratic objective function:
. . . 1

. In order to effectively detect Fhe precise location of targely” — 3 Z (ai — a})k(zs, 25)(a; — af) — Zyi(ai —a})

in a scene but also not to miss small targets, an accurate i i

bgckground mgdel is requ!red. Moreqver, many practical ap- +EZ (i +a?) @)

plications require an effective way to incorporate background -

changes by updating the background model fast and effec- . )
tively. In this study, we propose using SVR to build a moddfhere0 < ai,aj < C and; (a; —af) =0

of the background. SVR is a statistical learning technique for To illustrate the SVR-based background modeling approach,
estimating a function from a set of training data [20]. Teve use a video sequence captured at a traffic intersection
update the background model, we use an on-line SVR learnimgsuming a fixed camera (see Fig. 1(a)). To collect the training
algorithm [21]. data for the SVR, first we builB "clean” background images



(i.e., without containing moving vehicles or pedestrians). This
was done by takingF successive frames and finding the
median intensity value at each pixel location (see Fig. 1(b)).
Here, we used a total of 90 frames to buig=30 clean
background images using=30 frames each time. It should be
noted that, although all the images were captured using a fixed
camera, there were still fluctuations in the intensity values in
the "clean” background images due to light changes caused

by outdoor environmental conditions. To train the SVR model (b)
assigned to a particular pixel location, we used the intensity —
values at this location from all clean images (i.e;) and
assigned a high confidence value to this pixel (iyg=1).

(€) (d)

Fig. 2. Different solutions for background modeling. (a) SVR solution,(b)
MoG solution using 4 Gaussians. (c) MoG solution using 2 Gaussians (d)
SVR solution at a different pixel location.

Fig. 1. Captured traffic scenes and the computed "clean” background scene
using median filtering.

Fig. 2 shows the results of background modeling at a fix
pixel location using Mixtures of Gaussians (MoG) and SVR.
In each graph, the-axis corresponds to the intensity of th
pixel over the 30 "clean” background images (i.e., shown
red circles), while they-axis corresponds to confidence o
that pixel belonging to the background (i.e., set to 1). Fig.

2 (a) shows the SVR-based model while Figs. 2 (b) and (Cfig. 3. Initial locations of targets represented by the best-ellipse fitting.
show the MoG-based models using four and two Gaussians

correspondingly. As it can be observed, SVR can find a better

solution than MoG. Fig. 2 (d) shows an SVR-based solutidtF€ an efficient on-line SVR learning algorithm which updates
corresponding to a different pixel location. the SVR function whenever new training data becomes avail-

able [21]. The main idea is changing the Lagrange multipliers
B. Extracting initial target locations a,a* in a finite number of steps until the Karush-Kuhn-Tucker

Given the SVR-based background model, the intensity GfKT) conditions are satisfied [21].
each pixel in a new frame forms an input to the SVR. The
output of the SVR is represents the confidence that the given-
pixel belongs to the background. Eventually, a pixel is labelled
as background if its confidence is higher than a threslisold
Specifically, a binary foreground detection mafj is formed
at framet as follows:

Distribution
Distribution

Mt = 1, foreground f(xz) > 9 3) T e e e ow w w w T W e o w w oo i
i 0, background otherwise. () (b)

where f(x;) is the SVR output and is an initial threshold.
For each region in the binary map, we fit an ellipse. The initial
location of each target is represented by the center, long axis,

Fig. 4. lllustration of on-line SVR learning.

and short axis of the ellipse as shown in Fig. 3. Figs. 4 (a) and (b) illustrate the on-line SVR learning
] ] procedure where the training data is shown by red circles.
C. On-line SVR learning After training, the regression function in Fig. 4 (a) is estimated

To update the background model over time, we need Ay a single peak (i.e., red dashed line). When new data
efficient method that avoids expensive re-training. Here, veemes along, shown as black circles, the regression function is



updated using on-line learning. In this example, the regressiorSince projection histograms are sensitive to the location and
function becomes bimodal (i.e., black line). Figure 4 (b) shovwsize of the targets, we normalize them by shifting the middle
another case where the regression function contains muliins of the histogram to the geometric center of the target and
peaks. In this case, the number of peaks before (i.e., red dastesizing the humber of bins to a fixed size. Specifically, the
line) and after (i.e., black line) the addition of new examplesormalized horizontal (i.e.H,) and vertical (i.e.,H,) shape

do not change, however, they do shift to the right. projection histograms are defined as follows:

IIl.  NTEGRATING TARGET DETECTION WITH TRACKING

NTEGR/ _ KING Ho(m) = {(zi.9)|(zs,y) € R},
In this sec'tlon, we desc'rlbe'the framewprk for |ntegrat!ng Hy(n) = {(x,y;)(z,y;) € R},
target detection with tracking in order to improve detection R /o
results. First, we discuss our target representation scheme m = zi—z+M/2
which is based on normalized shape projection histograms. n = y;—y+N/2. (4)

Then, we describe the algorithm used to predict the location o e is the geometric center of the target (i.e., the

targets in subsequent frames. Finally, we present the feedbit K. r(xf’tyh) Ib tfit%in li ' ndn are indi 9 InaM

mechanism for optimizing the threshold used during detectiop. rc' OF the best- ge pser); andn are ces, a .
and N are the number of bins in the horizontal and vertical

A. Target representation projection histograms.

Our target representation scheme is based on shape info2) Weighted shape projection histogramist order to re-
mation rather than on color or texture. The main reason is titice the effects of background noise and image outliers, we
shape is more robust to light changes in outdoor environmeriggroduce weights to improve the robustness of the normalized
In order to make our target representation scheme robuststtape projection histograms. This is done by employing an
perspective projection, scale, and rotation transformations, ¥etropic kernel functiork(-) in a similar way as in [7]. The
employ normalized shape projection histograms. role of the kernel function is to assign smaller weights to pixels
farther away from the center bin of the project histogram.
Then, the weighted target model histograms, denotefl As
and Hg are defined as follows:

& _

o e I HOE NHy_(n) £
> Ha(m) + k() > Hy(n) + k()

m=1 n=1

©)

where k(z;, ;) = ¢ — [(z; — 2)* + (y; — y)°], andc =
(w/2+1)%+ (h/2+ 1) (i.e., computed from the size x h
of the target).

To find the targets in subsequent frames, we search a
window of sizeW x H. Then, candidate targets are identified
) - in this window by thresholding the outputs of the SVR models.
e The weighted target candidate projection histograms, denoted

asHY and HY, are defined as follows:
Fig. 5. Left: vertical shape projection histograms; Right: horizontal shape
projection histograms.

180 200 220 210 200 220 240 260
Spatial location Spati

HO(my = M +90) oy Hy(m)+90)
1) Normalized shape projection histogramafe denote the % H,(m)+g(") ’ JZV: Hy(n) +g()
location of a target by(z;,y;) which corresponds to the m=1 n=1
location of the best-fitting ellipse. To compute the projection ©6)

_ 2 2
histograms, we project the target horizontally and vertically Whereg(zi, y;) = c—{[(x; —x)/h° +[(y; —y)/h]*}, andc
by counting the number of pixels in each row and in eadp calculated from the size = W x H of the search window.

column correspondingly. To make the projection histogranidd- © shows an example of shape projection histograms.

invariant to target orientation, first we transform the target

a default coordinate system. This is done in two steps. First,
we find the best-fitting ellipse of the the target. Second, we To find the location of a target in subsequent frames, we
align its major and minor axes with the andy-axis of the need to define a similarity measure between the target model,
default coordinate system. The main assumption here is tlkamputed in previous frames, and the target candidates, de-
the targets are approximately 2-D; this is a valid assumptiontiected in the current frame. Here, we use a similarity measure
our application since the depth of the targets is much smallegised on the Manhattan distance between the weighted shape
compared to their distance from the camera. projection histograms of the target model and the candidates:

Predicting target location



Hy o lys — y* (D) + N/2]
Do = Y[HE(m)— H(m) &= 2 J g e

yi €ER(1)

N o - The confidence coefficient provides the weights in the
D, = Z[Hy (n) — H, (n)] (") iterative procedure used to change the spatial location of the
n=1 targets and select the threshold range. Using the confidence

To accurately localize a target in a search window, we neégeéfficient, the new center of the search window is updated as
to minimize the objective function defined in Eq. (9). Belowfollows:
we show the derivation of the objective function for the case
of horizontal shape projection histograms; similar derivations 0
apply for the case of vertical shape projection histograms:

(= 1) x &1 1)

yR) = yPI-1) x & -1); (12)
M < D. Adaptive threshold optimization
¢ = mkin [ch (m) — HT( )] The confidence coefficient is also used to update the thresh-
m=1 old S used in the target detection stage. Specifically, let us
cs - denote the threshold at ttie- 1 iteration asS(l — 1), then the
- Zwk Z [Hoi (m) — Hy (m)] threshold at thé iteration S(I) is defined as follows:
m=1
= w —x+ M/2
Z ";e:R a* /2 Sy =8(—1) - [11/52%1 +eu-nl. @)
—Hm (wi —x + M/2)] (8)  The above iterative procedure decreaggsand D, while
— s minover S andz* moving the spatial center of the search window iteratively

closer to the geometric center of the target. The iterative
where S is the threshold used to find the target candidat@socedure terminates when the distance between the weighted
andwy, restricts the spatial position* of the target Candldate shape projection histogram of target model and the target
around the geometric center of target modelH (m) is candidates is small than a given value. However, when the
the weighted shape projection histogram of m.eh target confidence coefficient is too low, we increase the threshold
candidate detected using threshéld of target detection to avoid under-segmentation which could
To perform the above minimization, we employ a multicause differences in the shape of the targets in successive
scale iterative scheme by gradually decreasing the valuefgimes.
the thresholdS used for target detection and changing the

. o . IV. EXPERIMENTAL RESULTS
spatial center position of the search window:

The proposed framework has been evaluated by detecting
vehicles and pedestrians using both visible and thermal video
5w T sequences. The visible video sequence was captured at a traffic
() = Zwk Z k(l (m) — Hy (m)] intersection and contains a total of two hours video with a
550 sampling rate4 frames/second. The thermal video data was
Zwk Z Z;(l)( —a*(1)+ M/2) captured at a univgrsity campus walkway intersection over
2 €R(1) several days (morning and afternoon) using a Raytheon 300D
—Hf( 25—z + M/2)] 9) thgrmal sensor core with 75mm lens mounted on an 8-story
building [23].

C. Confidence coefficient A. Results using detection alone

A key issue in implementing the above idea is how to First, we demonstrate the performance of a system em-
choose appropriate functions for decreast@nd changing ploying frame-based detection and SVR-based background
the geometric centefz,y) of the candidate targets at eachnodeling, without feedback from tracking for threshold opti-

iteration /. For this, we use the ratio between the weighteghization. Fig. 6 shows the locations of the targets found using
shape projection histogram of the target model and the cafis approach.

didates. We refer to this ratio as tkenfidence coefficieraf Fig. 7 presents comparison results between SVR-based

shape matching and it is defined below: background modeling and AdaBoost [23]. Our first obser-
vation is that SVR-based detection produces more accurate

Hrk(g)[xt ak (1) + M/2) detections (i.e., the window enclosing .the targets is much

() = Z e (10) narrower). Moreover, on the left part of Fig. 7, we can observe
2 €R(D) HE [k (1) — 2 + M/2] a pedestrian who was detected as two separate entities by
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Fig. 8.  Comparison results between the proposed method and frame-
based detection using visible videds* and 2"¢ rows: Tracking results
Fig. 6. Detection results using SVR-based background modeling, withafid corresponding detections using the proposed me#ictow: Detection
feedback from tracking. results using frame-based detection.

e?gétangle in the st row of Fig. 8, is very difficult detect using
. . ) el me-based detection and non-optimized thresholds as shown
the performance of detection without employing some kind

. : ) the 37 row of Fig. 8. On the other hand, the proposed
feedback from tracking dep_ends heavily on the choice Of.t ethod shows more accurate detection results by optimizing
threshold. If the threshold is not chosen properly, we mig

. AN e threshold. Moreover, the proposed method shows has sup-
end up with many false alarms as shown in Fig. 3. pressed the false alarms that appear in frame-based detection
as shown in th@"? row of Fig. 9. Table Il shows quantitative
comparisons in terms of true positives and false alarms for
frame-based detection and the proposed approach. Obviously,
the proposed approach has lower false alarm and higher true
positive rates than frame-based detection.

TABLE I
QUANTITATIVE COMPARISONS IN TERMS OFTRUE POSITIVES (TP),
FALSE ALARMS (FA), AND GROUND TRUTH (GT)

Fig. 7. Comparison results between AdaBoost [23] (left) and SVR (right).

Data sets Methods Ground | True False
truth Posi- Alarm
. . ) tive
B. Results using integration Visible video g;?‘;nciz)bnased 346 296 30
Figs. 8 and 9 present comparison results between frame- Integrating detec| 346 340 5
based detection without feedback from tracking and the pro- tion with tracking
posed method which integrates detection with tracking. EaCkhermal video gg’;‘g‘;'obnased 371 371 3
target is tracked and labelled with ref:tangles having differe nt Integrating detec| 371 371 0
colors. The 1°* and 2"¢ rows of Fig. 8, show tracking tion with tracking

results and detection maps using the proposed method. The

last row presents detection results using frame-difference andrigs. 10 (a) and (b) present another quantitative comparison
no threshold optimization. Among the results shown, it iBy counting the number of pixels in two different segmented
interesting to note that the small target, labelled by a greesgions between frame-based detection and the proposed
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Fig. 9. Comparison results between the proposed meth#drow) and 03
frame-based detectioRt%-row) using thermal video. Frame-based detection N e
yields many false positives. Frame Frame

(©) (d)

Fig. 10. (a),(b): Comparison results between frame-based detection and

N . . the proposed approach by counting the number of pixels in two different
method. The red curve indicates ground truth Informatlosfégmented regions. The red curve indicates ground truth information while

(i.e., the true number of pixels in the segmented region)e green and blue curves indicate the performance of the proposed method

The reason that the number of pixels decrease over time"‘“i@ frame-based detection, respectively; (c): Adaptive threshold values over
. tciIne for two different targets; (d): Average number of iterations.

because the target becomes smaller and smaller over time due

to moving away from the camera. The green and blue curves

show the performance of the proposed method and frame- o ]

based detection respectively. In Figs. 10 (a) and (b), the gréBfesholding in the detection stage.

curves are closer to the red curves, indicating that the proposed V. CONCLUSIONS

method makes less errors compared to frame-based detectioQVe have proposed a framework for improving video-based
Fig. 10 (c) shows the adaptive threshold values over ting prop P 9

. . : o ) firveillance by integrating target detection with tracking. The
for two targets W'Fh dlffere_nt motion characteristics (i.e., roposed framework was evaluated by detecting and tracking
car and a pedestrian). As it can be observed, the thresh

. . : . _pedestrians and vehicles in both visible and thermal video
were iteratively decreased based on the confidence coeffici D

ted f the sh action hist tchi uences. On-line SVR was used to model the background
computed from the snape projection histogram matching prosy accurately detect the initial locations of the targets.

cess. To avoid under-segmentation, the threshold was remleover weighted shape projection histograms were ex-

to a higher value when the confidence coefficient fell beIOV\ﬁoited to predict the location of targets in successive frames.

a certain value. Fig. 10 (d) demonsirates the average numﬁﬁhe same time, a confidence coefficient for shape matching

of |terat|pns at (_aach f“'?‘me- AS. it can be observed, the t"{/]v%s computed to suppress false alarms. Using weights derived
complexity of this step is not high. from the confidence coefficient of shape matching, we were
able to optimize the threshold used in the target detection
) ) ) stage. Our experimental results show good performance, espe-
In this section, we present comparison results betwegfly when dealing with small targets and targets undergoing
kernel-based tracking [7] and the proposed approach. perspective projection distortions. Moreover, they show good
Fig. 11 shows tracking results for frames 4, 12, 22, 2@yppression of false alarms due to noise. For future work, we
39 of a test sequence using the proposed meth&dréw) plan to improve the speed of the method. Although we were
and kernel-based tracking'(-row). The 3™ row of Fig. aple to achieve good speed in our experiments by sub-sampling
11 shows the detected targets using the proposed meth@d captured images, further improvements are necessary for
In order to make the comparison fair, kernel-based trackigge real-time performance. One way to improve speed is

was initialized USing the initial target locations found by Ouby using region_based instead of pixe|_based SVR models to
approach, shown in the first column of Fig 11. As it can bgypresent the background.

observed, kernel-based tracking has difficulties with tracking

small targets (e.g., a small human walking along the road) and ACKNOWLEDGMENTS

targets with perspective projection distortions. On the otherThis research was supported by Ford Motor Company under
hand, the proposed approach can handle these cases dugrant No. 2001332R, and the University of Nevada, Reno
integrating tracking with the detection and the use of adaptilgNR) under an Applied Research Initiative (ARI) grant.

C. Comparison with kernel-based tracking



Fig. 11. Comparison results between kernel-based tracking and the proposed approach when tracking small targets and targets with projection distortion.
Tracking results are shown in frames 4, 12, 22, 26, 39 of the test sequence using rectangles of differert*totaws. Tracking results using the proposed
method.2™? row: Tracking results using kernel-based tracking where, the initial target locations were chosen to be the same to those found by our approach
(i.e., first row); kernel-based tracking has difficulties with tracking small targets (e.g., small human walking along the road) and targets with perspective
projection distortions3™? row: Detection results using the proposed method.
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