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ABSTRACT each frame. If the performance falls below some threshold, the cycle

We present an approach for vehicle classification in IR video se0f detection, tracking and classification is re-initiated, otherwise the

quences by integrating detection, tracking and recognition. The met“g km|? and ((:jlassﬁtlcatlto_n propalgatefs totr:he”r?le_xt frame. _m_e ta(rj%et-
has two steps. First, the moving target is automatically detected u%g' ackground contrast 1S very fow for the Images. IS adds

ing a detection algorithm. Next, we perform simultaneous '[rackind“nUCh difficulty for detection and tracking of the moving target.

and recognition using an appearance-model based particle filter. The Unlike Zhou etal.[6]'s method which manually selects the mov-
tracking result is evaluated at each frame. Low confidence in trackNd targetin the first frame, we automatically select it using temporal

ing performance initiates a new cycle of detection, tracking and clagfanance angly5|s ?'g_o”thm- Becaq;e of th_e presence of smoke and
sification. We demonstrate the robustness of the proposed meth@§St in IR videos, it is hard to position a tight rectangular bound-
using outdoor IR video sequences. ing box .from the.detgctlon algorithm. Consequgntly, the tracker
drifts quickly. This brings a need for the evaluation of the track-
ing performance. The evaluation generates a confidence measure to
1. INTRODUCTION indicate whether we should restart the detection once the tracking
confidence falls below a threshold. In [6], Zhou et al. use sum of
quared distance(SSD) for the tracked object and template to give
e probability of tracking. Therefore, it gives the same weight to
ch pixel. Here we propose to use two template matching algo-
hms, Image Euclidean Distance and Image Weighted Distance, to

recognition of vehicles in traffic scenes, which under normal Condi'substitute SSD. These two algorithms are robust to small perturba-
tions stand on the ground-plane. In [2], a segmentation algorithnaOn and background clutter

uses deformable template models to segment a vehicle of interest

both from the stationary complex background and other moving ve- We use mixtures of PPCA[S] for appearance modelling. We then
) ) ; y P 9 : 9 compute the posterior probability of finding the appearance of each
hicles in an image sequence. In addition to segmentation, the d

formable template algorithm also classifies the vehicle of interest. I%nb;)e(%hnr;he given video and assign the label corresponding to the
[3], the author describes a system for automatic recognition of vehi- The rest of this paper is organized as follows. Section 2 briefly

cle type from frontal views. They only use images and it does noEjescribes detection algorithm. Section 3 describes the template match-

involve tracking. In [4], a method for recognizing a vehicle’s maker. : h ; . .

and model is proposed. It first creates a compressed database of 189 algont_h_ms_used for_ the tracklr_lg. Sectlon_ 4 descrlb_es tracking

cal features of target vehicles from training images and then match d cIa_SS|f|cat|on algor_|thm. Sectlo_n 5 descrlb_es the S|multa_ne0us

them with the local features of the probe image for recognition evaluation for the tracking and section 6 describes the experiment.
" Finally, conclusion and future work are discussed in section 7.

‘:L::iitu o1 .’ Detection l > {{ftlﬂ::i:nd ‘.. I‘ 2. TARGET DETECTION

| Detection plays an important role in our system. It is a prerequisite
for tracking and places an initial bounding box around the target and
re-initialize the target if tracking confidence measure is low. We

. . .. .. briefly review the temporal variance analysis for object detection in
In this paper, we tackle the problem of vehicle classificationy,q following.

by integrating detection, tracking and recognition. In our system,
the moving vehicle is automatically detected, tracked and recogr . .. The operatorx is the element-by-element product of two

nized V\_nthqut any interruptions. The row_chart of our system i, +ices The followingn., mw; andimuar; are defined as
shown in Fig.1. The video sequences are input to our system. The

Recently, video-based vehicle classification has gained much atte
tion, especially in automatic traffic management, surveillance an
battlefield awareness. Typically, detection and tracking are ofte%
solved before classification. [1] discusses pose determination al

Fig. 1. A flow chart of our system.

Given a video sequencdd;}, we setm; = I, andmuv; =

moving target is detected using temporal variance analysis. The mi = ((N—=1)smiy+L)/N 1
target is tracked and classified simultaneously using an appearance ! E
model and mixtures of probabilistic principal component analysis mui = (N —=1)xmuvi1+ 1L x I;)/N 2

[5]1(PPCA). Evaluation of the tracking performance is performed at imvar; = \mv; —m; X my, )



whereN is the window size for detection which is 150 in our exper- 4. TARGET TRACKING AND CLASSIFICATION
iment.

For the elemenp(s, ) in imvar;, we will setp(i,j) = 1if  This section describes the vehicle tracking and classification algo-
p(i,5) > T, otherwisep(i, j) = 0, whereT is the threshold. Now rithm. In section 4.1, the state space model used for tracking and
imwar; is converted to a binary image which we call the varianceclassification is described. Tracking and classification are imple-
image. We then select the rectangular bounding box for the movingiented simultaneously by estimating the posterior distribution . In
target by checking(s, j) = 1 in the image. section 4.2, mixtures of PPCA is briefly described which is used to

estimate the distribution of identity variable for the classification.
3. TEMPLATE MATCHING
4.1. State Space Model
Suppose that two imagesandt are rasterized to form two vectors
z = (21,22, y2munN), t = (t1,t2, - ,tmn), Wherez is the
tracking result and is the template. In [6], the probability of the
tracked object given the template is defined as

' Atime series state space model uses the state vaniabte{n., 6 },
which includes identity variable; and 2D affine transformation mo-
tion parameters;. The system equation is written as

MN ng = Ng—1 O0r =01 +u, t>1 (8)
p(z|t) = exp{—disp(z,t)} = exp{— Z (zi —t:)°}  (4)  where we assume that the motion variable follows a Markov process
i=1 with u; as a white Gaussian noise processc N = {1,2,--- , N}

SSD gives the same weight to each pixel which is not robust to sma\pdexes the gallery setf, I, --- , In}. _

. L A simple formulation of the observation equation can be charac-
perturbation and background clutter. In order to solve these difficul; _ .
. . . ) - terized as
ties, we propose two template matching algorithms in the following

section. The sum of the two distances replaces the &5 (z, t) . Ze= T{Ye; 0.} =tV (9)

an affine transformation to normalize the image to the same size
of the gallery images, antf; is the noise. The observation equa-
tion is equivalently characterized by the likelihop@Y;|n:,0:) =
Wang et al. [7] propose a new Euclidean distance for images, which(Z;|n:). In the next section, we defing Z;|n.) as mixtures of
is dubbed as Image Euclidean Distance(IMED). Unlike the tradiPPCA.
tional Euclidean distance, IMED takes into account the spatial rela- The essence of the framework is posterior probability computa-
tionships of pixels. Therefore, it is robust to small perturbation. Thetion, i.e. computing(n., 6:|Y1.:), whose marginal posterior proba-
IMED is given by bility p(n:|Y1.:) solves the classification task and marginal posterior
probability p(0:|Y1.+) solves the tracking task.
Classification is based on a Maximum A Posteriori (MAP) deci-
dirp(21) = o E exp{—|Pi=P;* /2}(z—t:) (2= t;)- B)  jon rule, namely finding. that maximize®(n.|Y1.;). The Sequen-
L=t tial Importance Sampling(SIS)[9] method is used to approximate and
whereP; and P; are two pixels associated with, ¢; andz;, ¢; re-  Propagate the posterior probabiliyn, 6,|Y1.), and marginaliza-
spectively,| P, — P;| is the pixel distance. tion over variabld, is carried out before applying the classification
rule. Detailed descriptions can be found in [6].

3.1. Image Euclidean Distance

MN

3.2. Image Weighted Distance

4.2. Mixtures of Probabilistic PCA
When we use a rectangle or ellipse to select the region of interest, we ] ) o )
inevitably include some background in the region of interest. TheSubspace analysis techniques have attracted growing interest in com-
background will contaminate the template and contribute to trackingu'fer vision research. In particular, eigenvector decomposition has
failure. Inspired by [8], we propose an image weighted distanc&€en shown to be an effective tool for solving problems by using

method to overcome this problem. low-dimensional vector to represent high-dimensional vector. Here
Given a set ofn by n images{Z;}, we form a set of vectors
) MN ) {t;}, wheret; €¢ R?=™" by lexicographic ordering of the pixel
dinw(z,t) = wi(z —t) (6)  elements of each image;. For anyt in {¢;}, we relate it to a cor-
=1

respondingy-dimensional vector variable as:t = Wz + u + ¢,

wherew; is the weight assigned to the squared difference of eachhered >> v andp is the mean of. 2First, in PPCA, it is as-
pixel. The weights are smaller for pixels that are farther from theSumed that: ~ N(0, 1) ande ~ N(0,0°I). Thus, we obtain the
center. Using these weights increases the robustness of matchifliptribution oft as

since the peripheral pixels are the least reliable, being often affected . —d/2| ~—1/2 IR PN e v

by occlusion, clutter or interference from the background. The weight p(t) = (2m) = ezp{ Z(t W e t—mk (10)
function is a 2D Gaussian kernel. Suppasandh are the width and where the covariance & — 027 + WWT.

height of the image, respectively. The weight for the pixel at location The mixtures of PPCA can model more complex data structures.

(,y)is The model parameters are determined using maximum likelihood

T — Tg estimation. The mixture model is defined as

AR R LR

h/2

wia,y) =1- 2 {( 9
p(t) = 3 map(ti) (1)

wherexo andyy is the center of the template.



wherep(t|i) is a single PPCA model ang; is the corresponding wherew; and); are the corresponding weights and thresholds for
mixing proportion, withm; > 0 and>_ m; = 1. Now the three the evaluation.

parameters:;, W ando? are associated with each of thé mixture

components. We use an iterative EM algorithm for estimation of the 6. EXPERIMENTS

model parameters. ’

In this section, we give details of our implementation. Training and
5. TRACKING EVALUATION testing are described in the next two sections respectively. In our ex-
periment, the vehicle motion is characterizedby (a1, a2, as, as, tz,ty),
Most practical tracking systems often fail under some situationswhere{a;, as, a3, a4} are the deformation parameters g, ¢,)
This could be either because of illumination changes, pose variare the 2D translation parameters. By applying an affine transforma-
tion or occlusion. Therefore, the need for automatic performancéon usingé as parameters, we crop the region of interest so that it
evaluation emerges in these applications. Fig.2 shows the trackingas the same size as the still template in the gallery and perform zero-
result after running the tracker for some time. The bounding boX isnean-unit-variance normalization. The region of interegtli 30
so large that one concludes that the tracker is already failing. Hencg sjze.
evaluation is necessary to help us terminate tracking and restart the

detection-tracking-classification sequence. 6.1. Training

We use one video sequence for each vehicle and obtain the tracking
result. Then we select 36 images for each vehicle in the gallery.
There are a total of 144 images in the gallery. They are ‘m60’,
‘brdm’, ‘wetting’ and ‘bmp’. The pertinent parameters for the ex-
periment aréV/ = 2 andy = 15. After we have the gallery images,
we use mixtures of PPCA to estimate the parametegs;, W; and

o7

e ]

6.2. Testing

For each frame, we get the motion parameters after tracking and
cropping out the region of interest from the original image. After
. . . . erforming zero mean and unit variance operation, we use the re-
. _Ou_r evaluation glgonthm IS based on measuring the appearan Slt to estimate the posterior probabilities of observing each vehicle.
S|m_|lar|ty and tracklng uncertainty. The following features are X-\we pick the vehicle which has the highest probability as our clas-
amined in our evaluation: sification result after normalization. The probabilities propagate to
1. Trace complexityy..: We define the trace complexity as the the next frame. In each frame, if the confidence measure is below
ratio of the curve length and straight length between the targesome threshold, the detection will restart 20 frames before the drift-
centroids in different frames. ing point and tracking and classification will restart too.
2. Motion stepg...: Itis defined as the distance between the box ~ Fig. 3 shows the tracking and recognition results for ‘wettingl’
centers in two consecutive frames. and Fig. 4 is for ‘ompl’. In Fig. 3, The image to the left is the
. . . . tracking result for the current frame. We put a bounding box for the
3. Scale change..: T(.’ examine changes in object scale,_ W€ vehicle which we are tracking in each frame with a different color
use two clues. Qne is the ratio of the currgnt areatothe InI'["’1'1\(0r different vehicles. The image in the middle is the classification
area, the other is the scale change velocity. score which is the probability of seeing each vehicle in the video. It
4. Shape similaritygs;: The change in the aspect ratio of the shows the result from the first frame to the current frame. The image
bounding box is also useful in providing some information to the right is the tracking confidence measure which represents the
about the object shape. It is defined as the ratio of the currengrobability of the correct tracking result. We will restart detection
aspect ratio over the initial ratio. and tracking if the measure falls below the threshold of 0.5. The

5. Appearance changg,.: Three measures are used in our al- Same description applies to Fig. 4. L

tween the current frame and the initial frame, the second on&Ng1’ is very good because a high probability is associated with

is the histogram difference between the current frame and th&vetting’ (dotted blue line) on almost every frame. There are several

rithm over which the proposed algorithm was tested. of the tracking and the evaluation probability on the right drops very
uickly at corresponding frames. In Fig. 4, for the recognition of
mpl’, it is confused by ‘brdm’ for first half of the sequence. The
acker quickly drifts away after about 40 frames given the initial lo-
ation. The result becomes stable and correct after 400 frames. After
srunning the whole video sequence, the correct recognition result is
uite good. For this situation, we will classify that the vehicle we
re tracking is ‘bmp’ which yields the correct result.

We divide the twenty probe video sequences into five groups.
q= Z w;iI[g; < Aj], J € {tc,ms, sc, ss, ac} (12)  Each group has each of the four different vehicles. The classifica-

tion results of one group are summarized in Table 1. Each number in

Fig. 2. The vehicle is off tracking.

To obtain a comprehensive measure of the tracking performanc
we combine the above five indicators. We first use empirical thresht-r
olds to find whether the tracker is uncertain according to the abovg
five metrics, then we sum the five indicators using different weight
to arrive at a confidence measuye If the sum drops below some
threshold, we conclude that the tracking performance is poor an
needs re-initialization.
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m60 brdm | wetting | bmp 9. REFERENCES
m60 | 93.82% | 3.17% 0 3.01%
brdm 0 85.64% 0 14.36% [1] T.N. Tan, G. D. Sullivan, and K. D. Baker, “Model-based local-
wetting 0 0 95.65% | 4.35% isation and recognition of road vehiclediiternational Journal
bmp 0 18.85% 0 81.15% of Computer Visionvol. 27, pp. 5-25, January 1998.

Table 1. Confusion matrix for vehicle classification experiment.

arow is the recognition percentage of the vehicle. Taking the sec

(2]

ong]

row as an example, 93.82% of the whole sequence recognizes the
vehicle as ‘bmp’, while 3.17% as ‘brdm’ and 3.01% as ‘bmp’. No

frame recognizes it as ‘wetting’. The elements in the diagonal g
the correct recognition score for our experiment. The overall ac
racy of the recognition is 89.07%. Our experiment results show
the twenty probe video sequences can be classified correctly u
our proposed method.

7. CONCLUSION AND FUTURE WORK
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(6]

In this paper, we have proposed an approach for vehicle classification
by integrating detection, tracking and recognition. The experiment

results prove our method'’s robustness and effectiveness.

Our future work will include improving detection, tracking and 7

evaluation algorithms and developing a more robust and stable re

cog-

nition algorithm. Large data set will also be tested to obtain a more

general analysis.
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