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Abstract

This paper presents a detection based object tracking
method that forms object trajectories by associating detec-
tion responses. Discriminative classifiers of objects of a
known class are learned and applied to the video sequence
frame by frame. The output of the detection module is a
“soft decision”, which consists of a set of detection re-
sponses of different confidence levels. Responses of differ-
ent confidence levels are generated by classifiers with dif-
ferent complexities. The cheap classifiers are applied to the
whole image first, while the expensive classifiers are only
applied to the region accepted as object by the cheap classi-
fiers. Object trajectories are initialized from the responses
of higher confidence; hypothesized objects are tracked by
associating with all the responses in the order of their con-
fidence levels. The proposed approach is applied to the
problems of human tracking in indoor meeting videos and
outdoor surveillance videos. The system is evaluated on
two public video corpora and compared with some previous
methods.

1. Introduction

Object detection and tracking is a fundamental problem
of computer vision research and very important for many
real-life applications, such as visual surveillance and hu-
man computer interaction. There are three main types of
tracking methods: 1) 2-D image region tracking, 2) moving
blob tracking, and 3) object detection based tracking.

2-D region tracking algorithms focus on the problem of
tracking after initialization by assuming that the position of
the object is given in the first frame. The algorithms first
try to extract some characteristic properties of the object,
could be color [17] or salient points [ 18], from the initializa-
tion and then use these properties to track the object in the
new frames. These types of trackers are not fully automatic
and usually sensitive to object deformation, occlusion, and

initialization. The moving blob tracking algorithms focus
on the detection and tracking of moving objects. First mo-
tion segmentation is applied and then the moving blobs are
tracked based on their appearance and motion, e.g. [14].
The motion segmentation algorithms are sensitive to abrupt
illumination changes, shadows, and reflections. The main
limit of these types of methods is that they do not have a
discriminative model of the object class; hence, they can
not really detect and track specific objects.

Detection based tracking methods attempt to overcome
these limitations by using discriminative methods. Re-
cently, fast development of object detection techniques has
resulted in many promising methods for detection of par-
ticular object classes, e.g. faces [4, 16] and pedestrians
[3, 2, 5, 10, 15]. These object detectors produce good ob-
servations for the detection based tracking algorithms. By
associating the frame by frame object detection responses,
we can answer the question of when to start or terminate
an object trajectory. However, the detectors are not perfect:
the detection performance is usually a tradeoff between the
detection rate and the false alarm rate. The missed detec-
tions and false alarms provide misleading information to the
tracking algorithms. To improve the robustness of object
tracking, we propose a method that makes “soft decisions”
at the detection stage by producing detection responses of
different confidence levels and uses these confidence levels
for associating the detection responses to form trajectories.
We apply our approach to the problems of human detection
and tracking in meeting videos and surveillance videos.

1.1. Related Work

Detection based tracking algorithms obtain object hy-
potheses by applying a discriminative object model to im-
ages. The discriminative object models are learned off-line
from labeled training data. The models used are of great va-
riety, e.g. edge template matching [11], boosted ensemble
classifiers with cascade decision strategy [16, 5, 4, 3], SVM
classifiers [10, 2], salient feature based constellation type of
models [13, 7], and random field based models [8]. Given



a new sequence, discriminative object models are used to
search the object in each frame. The detection responses in-
clude rough segmentation, e.g. bounding boxes, of the ob-
jects. The main errors of the detection methods are false
alarms and missed detections.

To track the objects, the detection responses at differ-
ent frames are linked together to form the object trajecto-
ries. Wu and Nevatia [3] define an affinity measure between
detection responses based on cues from position, size, and
color and use the Hungarian algorithm [19] to associate ob-
ject hypotheses and detection responses. New object trajec-
tories are initialized whenever the detection responses do
not match with any existing trajectories for a certain num-
ber of frames; old trajectories are terminated when they are
lost by the detector for a certain number of frames. Li et
al. [1] and Okuma et al. [12] use particle filter methods to
associate the detection responses of an unknown number of
objects. The detection responses are used to generate new
particles and evaluate existing particles. By particle filter-
ing, the tracker can maintain multiple hypotheses. However,
increasing the number of particles requires more computa-
tional cost. To improve the computational efficiency, Li et
al. [1] use multiple detectors (observers) to form a cascade
particle filter. The order in which the detectors are applied
is determined based on their computational costs: the faster
the earlier. The detection based tracking methods are fully
automatic. They do not need outside initialization.

Most existing detection methods output hard decisions
i.e. binary value predictions. Hard decisions extract high
level information (for detection the position and size of the
objects) from raw data (images or sequences of images).
This greatly reduces the problem space for further process-
ing; however, there is also a tradeoff between detection rate
and false alarm rate. To achieve good tracking performance,
we need both a low false alarm rate to avoid false object tra-
jectories, and a high detection rate to track the objects most
of the time. Although hard decisions at intermediate stages
make the system less robust, we can not avoid making any
decisions. Recovering trajectories directly from image se-
quences or some real-valued probability field is not feasible.

1.2. Outline of Our Approach

Fig.1 gives a schematic diagram of our system. Out ap-
proach is a detection based tracking method. Our detec-
tion module outputs a set of responses with different confi-
dence levels. The detection module consists of three classi-
fiers: 1) an edgelet based boosted classifier with a cascade
decision strategy [3], 2) an edgelet based boosted classi-
fier with a single-threshold decision strategy, and 2) a His-
togram of Oriented Gradients (HOG) descriptors [10] based
SVM classifier. In terms of computational cost, the single-
threshold boosted classifier is the most expensive one, as
it requires evaluating hundreds of edgelet features before a

detection decision is reached; the cascade boosted classifier
is the fastest one, as its cascade decision strategy throws off
most negative samples at very early stage of the cascade.

The order in which the classifiers are applied is deter-
mined based on their computational costs. Basically, the
faster a classifier, the earlier it is used. Given a new frame,
first the cascade boosted classifier is used to scan objects
at all possible positions and of various sizes. The pos-
itive responses of this stage are sent to the SVM classi-
fier for verification. When an existing trajectory can not
be found by the first and second level detection responses,
the single-threshold boosted classifier is activated around
the predicted position of the trajectorys; this significantly re-
duces the search space of the single-threshold boosted clas-
sifier.

In terms of accuracy, the outputs of the three classifiers
can be seen as three points on a Receiver Operating Char-
acteristic (ROC) curve. The first level has the lowest false
alarm rate but also the lowest detection rate; the third level
has the highest detection rate but also the highest false alarm
rate. The three levels of detection responses together form
a soft decision.

The basic idea of improving tracking robustness is to
initialize trajectories with a detection decision strategy of
low false alarm rate and track the objects with a decision
strategy of high detection rate. In our system, we initial-
ize trajectories from the first level detection responses; and
track the objects from the second and third level detection
responses. Although the detection rate of the first level is
relatively low, when the object is present for a large period,
the probability that it is detected at at least some point is
high. Missed detection may result in some delay in trajec-
tory initialization, but this can be compensated for by track-
ing in both forward and backward directions.

The rest of the paper is organized as follows: section 2
and section 3 describe our detection and tracking methods
respectively; section 4 shows the experimental results; some
conclusions and discussions are given in the last section.

2. Detection Module

Following previous work, we learn the edgelet based
boosted classifiers [3] and the HOG based SVM classifier
[10] for an object class. We choose these two types of fea-
tures, because they are complementary. The edgelet fea-
tures are designed to encode the local silhouette explicitly
but relatively sensitive to small transforms (translation, ro-
tation, efc.). The HOG descriptor encodes the statistics of
a sub-region and is robust to small transforms, but does not
maintain information about which pixels contribute to the
histogram bins. Very different shapes could result in the
same histogram.
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Figure 1. System diagram.

2.1. Edgelet based Boosted Classifier

Edgelets are one type of local shape features. One
edgelet can be seen as a small edge template. For each
edgelet in a big feature pool, one weak classifier is built to
distinguish objects from background. Then a boosting algo-
rithm [4] is used to learn tree structured classifiers for multi-
view objects. Each node of the tree is an ensemble classi-
fier with the cascade decision strategy [16] which makes the
detection process efficient. In our work, following [3], we
learn a two level tree classifier for our object classes.

During the training of the tree classifier, a cascade de-
cision strategy is learned for each branch of the tree. For
each node along a branch, a threshold is chosen to accept
most positive samples (a positive passing rate of 0.998 in
our experiments) while rejecting as many negative samples
as possible. When a target overall false alarm rate (106 in
our experiments) is reached, the training procedure is termi-
nated. Because of the cascade decision strategy, most sub-
windows examined in the image can be discarded by com-
puting only the first few features in the tree. Although this
is an efficient strategy, it is aggressive in terms of discarding
negative samples. To obtain a prediction of high detection
rate, we ignore the series of thresholds of the cascade deci-
sion strategy and learn an overall threshold for each branch
of the tree. The threshold is chosen to accept all positive
samples and reject as many negative samples as possible.
However, as the decision is made at the leaf nodes of the
tree, all features in the classifier need to be computed to
classify one sub-window. The classification results of the
boosted classifier with the cascade decision strategy are the
second level responses; the results of the single-threshold
boosted classifier are the third level responses. Fig.2(b) and
Fig.2(c) show an example of each of these two levels for the
problem of meeting room human (head-shoulder) detection.

(c) Level 3 - level 2 responses

Figure 2. Examples of the three levels of detection responses for
the problem of meeting room human detection and tracking.

2.2. HOG based SVM classifier

HOG descriptor, proposed by Dalal and Triggs [10], is
another local shape feature. It encodes the statistics of the
edge orientation within a small neighborhood. Following
[10], we learn SVM classifiers for object classes based on
HOG descriptors. We use the HOG based SVM classifier
as post verification for the edgelet based boosted classifier.
During training, the false alarms and the successful detected
samples from the cascade boosted classifier are collected
and used to learn the SVM classifier. During detection, first
the cascade boosted classifier is applied to the whole image,
then the positive responses are sent to the SVM classifier
for verification. The threshold of the SVM classifier is cho-
sen to remove 90% false alarms from the cascade boosted
classifier and accept as many positive samples as possible.
We use the SVM classifier as the verifier after the cascade



boosted classifier, because the boosted classifier is more ef-
ficient. The positive responses of the SVM classifier are
the first level responses. Fig.2(c) shows an example of this
level.

2.3. Discussion about Detection Module Design

Our detection module is one implementation of the
“soft decision” idea based on existing detection techniques.
There are other choices. For example, we could remove
the thresholding process from the detection stage and use
some continuous probability distribution representation as
the soft decision, instead of the discrete confidence levels.
However, this would greatly increase the problem space of
the tracking algorithm. Searching for an unknown num-
ber of object trajectories in a real-valued spatial-temporal
space directly is unfeasible. Also, thresholding is necessary
for the cascade boosted classifier for efficiency. To achieve
multiple confidence levels, we could learn multiple thresh-
olds for one classifier, instead of combining multiple het-
erogeneous classifiers. However, for a single classifier the
reasonable range of the threshold is likely to be small. En-
forcing a high detection rate may result in a too high false
alarm rate, and vice versa.

To achieve a low false alarm rate, we could reduce the
final target false alarm rate of the cascade boosted classifier,
instead of applying an SVM classifier for post verification.
But learning a cascade boosted classifier includes a boot-
strapping step for each layer of the cascade to collect new
negative samples. When the current cascade is already op-
erating at a very low false alarm rate, it is hard to collect
enough negative samples. While boosting requires a large
training set to get good generalization property, SVM can
function well with smaller training sets.

The third level responses are mainly for a high detec-
tion rate. This level could be replaced with the responses of
some early stage in the cascade boosted classifier. However,
we find that at the same detection rate, the false alarm rate
of the single-threshold boosted classifier is much smaller
than that of the early-stage output of a cascade classifier,
because the former one evaluates more features in making a
decision.

The order in which the classifiers are applied is deter-
mined based on their speeds. Our experiments show that
the speed ratio, between the cascade boosted classifier, the
single-threshold boosted classifier, and the SVM classifier,
is about 1:10:200. Note that the third level detection is ap-
plied after tracking based on the first two levels of detec-
tion. We use a second level response, in-between the first
and the third levels, to reduce the search space of the third
level for efficiency. The single-threshold boosted classifier
is only applied around the predicted positions of the exist-
ing trajectories can not be tracked by associating with the
detection responses of the first and the second levels.

3. Tracking Module

Our tracking algorithm has three main components: tra-
jectory initialization, termination, and growth. In the three
components we use the detection responses with different
confidence levels in different ways based on their detection
rates and false alarm rates.

3.1. Detection Response Association

Given a new frame from a video sequence, first the
boosted classifier with the cascade decision strategy is ap-
plied and then the positive responses are sent to the SVM
classifier to verify. This process provides the first and sec-
ond level responses. One detection response is represented
by a 4-tuple, r = {p,s,c, f}, where p is the image po-
sition, s is the size, ¢ is an appearance model, and f is a
real-valued classification confidence. In our implementa-
tion, ¢ is a color histogram. The classification confidence f
is the weighted sum of all weak classifiers’ outputs for the
boosted classifier or the distance to the classification bound-
ary for the SVM classifier. The object hypotheses have the
same representation as the detection responses.

Similar to [3], we define the affinity between two detec-
tion responses, ry and rs, by

A(I‘l,l‘g) = Apos(p17p2)Asi:e (SI:SQ)Aappr(Cla CQ) (H

where A5, Asize, and A,y are affinity measure based
on position, size, and appearance respectively. In prac-
tice, A,,s and As;.. are modeled by Guassian functions,
and A,ppr is modeled by Bhattachayya distance. Sup-
pose that at the current frame we have n hypothesized

trajectories, Hy, ..., H,, whose predictions at the current
frame are t1, ..., T,, and m first level detection responses
ri,...,r,. We compute an n X m affinity matrix A of all

(t;,r;) pairs, ie. A(i,j) = A(f;,r;). If A(4,7) is larger
than a threshold, then we say r; and r; is a potential as-
sociation. The Hungarian algorithm [19] is used to find the
best match between the hypotheses and the responses. After
association with the first level responses, all remaining hy-
potheses are matched with the second level responses with
the same algorithm.

After association with the first and second level re-
sponses, we apply the single-threshold boosted classifier
around the predicted positions of the remaining unmatched
hypotheses. This process gives the third level responses.
The search space for this stage is much smaller than that for
the first and second level responses. As the third level re-
sponses may include many false alarms, we add one more
measure to the affinity function in Equ.1 to reduce the match
ambiguity:

A'(t,r) = A(F,r) Ashape (T) 2)



where Aspape(r) = f is the classification confidence of r.
All hypotheses unmatched with the first and second level
responses are matched with the third level responses.

If after this stage there are still unmatched hypotheses,
we use a color based mean-shift tracker [17] to track them.
However we find that this part is not critical for the whole
system, as the detection rate of the third level responses is
close to 100%. Even if we leave the finally unmatched hy-
potheses at their original positions, there is not a big differ-
ence in the performance.

3.2. Trajectory Initialization and Termination

The unmatched first level detection responses are used to
initialize new trajectories. If at one frame, a first level detec-
tion response does not correspond to any existing trajectory,
we start a new potential trajectory H from it. If in the suc-
ceeding 7' consecutive frames, 7T first level responses are
matched with H, we compute an initialization confidence
of H [6]. If the confidence is larger than a threshold, we
say H becomes a confident trajectory. Because the false
alarm rates of the second and third level responses are rela-
tively high, the unmatched second and third level responses
are not used to start new trajectories.

The trajectory termination criterion is similar to that of
initialization. If in 7" consecutive frames we can not find
the matched first or second level responses for one object
hypothesis, then we compute a termination confidence. If
the confidence is larger than a threshold, the trajectory is
ended and we call it a dead trajectory, otherwise an alive
trajectory. Our initialization and termination strategies are
very similar to that of [6], but we make use of detection
responses of multiple confidence levels.

The full detection and tracking algorithm is given in
Fig.3. In practice, in order to compensate the initialization
delay, after a trajectory becomes confident, we track the ob-
ject in both forward and backward directions.

4. Experimental Results

We apply our approach to two applications: human
tracking in indoor meeting scenarios and outdoor surveil-
lance scenarios. We evaluate our system on two public
video corpora and compare with previous methods quan-
titatively.

4.1. Evaluation Metrics

Recently, there have been many efforts towards quantita-
tive evaluation of tracking algorithms. To compare with pre-
vious methods, we use four metrics defined by the CLEAR
2007 evaluation protocol [22, 21] for 2-D multiple object
detection and tracking tasks:

1. Multiple Object Detection Accuracy (MODA) is the

detection accuracy calculated from the number of false
alarms and missed detections;

2. Multiple Object Tracking Accuracy (MOTA) is the
tracking accuracy calculated from the number of false
alarms, missed detections, and identity switches.

3. Missed Detections Per Ground-Truth (MISS_PGT) is
the number of missed objects normalized by the num-
ber of ground-truth objects at the tracking level;

4. False Alarms Per Frame (FA_PF) is the number of false
alarms per frame at the tracking level.

To compute these metrics, at each frame the detected ob-
ject hypotheses are matched with the ground-truth by the
Hungarian algorithm [19]. Denote the 2-D regions of a
pair of matched detection and ground-truth at the ¢-frame
by Dgt) and Gl(-t) respectively, the overlap ratio of them is
computed by

o pney]
Overlap(DE )Gy =

=1 3

The ground-truth objects which do not match with any de-
tection responses (the overlap ratio with any detection re-
sponse is smaller than a given threshold) are counted as
missed objects, the number of which is denoted by m; for
the ¢-th frame, and the detection responses which do not
match with any ground-truth are counted as false alarms,
the number of which is denoted by fp;. The MODA score
is computed by

N rames
MODA — 1 — to (cm(me) + 7 (fpr))
- Nirames rr(t
Yt NG

“

where Ny,qmes is the number of frames, Ng) is the num-
ber of ground-truth objects at the ¢-th frame, ¢, and ¢y are
penalties for missed detection and false alarm respectively.
For tracking, identity switch is another type of error need to
be considered. The MOTA score is computed by

Nframes

MOTA = 1— 2«t=1 (em(me) + cp (fpe) + log(idswitches))

S g
%)

where idgyitches 18 the number of identity switches. The
definitions of MISS_PGT and FA _PF are straightforward:

Among the four metrics, MOTA is the most important
one for tracking systems. These may not be the ideal
measures for evaluating tracking algorithms, however, they
cover most typical errors and an automatic scoring software
is available.



Multi-Level Detection based Object Tracking Algorithm
Let the set of object hypotheses be F, initially F' = ®.

For each time step ¢ (denote by F} the set of all alive trajectories in F' at time )

1. Apply the cascade boosted classifier and the SVM classifier to frame ¢. Let the sets of the first and second level responses

be Rt,l and Rt,g.

2. Data association with the first and second level responses:

(a) Associate hypotheses in F} with responses in R, ;. Let the set of matched hypotheses be Ft,1~

(b) Associate hypotheses in F}; — Fm with responses in I?; ». Let the set of matched hypotheses be Ft’g.
(c) Build a new hypothesis H from each unmatched response in I 1, and add H into F' and Fj.

3. Apply the single-threshold boosted classifier around the predicted positions of all hypotheses in F; — F't,l — Fm. Let

the set of the third level responses be I7; 3.
4. Data association with the third level responses:

Associate hypotheses in Fy — Fy 1 — F} » with responses in I2; 3. Let the set of matched hypotheses be F’t,g

5. Pure tracking:

For each confident trajectory in F}; — F't,l — Ft,? — F't,3, grow it by meanshift tracking.

6. Model update:

(a) For each potential trajectory in Ft,l» update its initialization confidence.

(b) For each hypothesis in F't,l + Ft,l» update its appearance model.

(c) For each trajectory in ﬁt,l + F't,1, reset its termination confidence to 0.

(d) For each trajectory in F; — Ft,l — F't,g, update its termination confidence.

Output all confident trajectories in F' as the final results.

Figure 3. Multi-level detection based object tracking algorithm.

4.2. Human Tracking in Meeting Videos

In meeting videos, only the upper-bodies of the humans
are visible most of the time while the legs could be occluded
by some scene objects, e.g. table. Hence we learn a head-
shoulder detector and track the head-should parts for this
problem. (The definition of human body parts is same as
that in [3].) The training/testing data are from the NIST
meeting corpus [20]. The training set contains about 2,500
positive samples for frontal/rear view, 3,000 positive sam-
ples for profile view, and 650 background images of indoor
scene without humans. The positive samples are normal-
ized to 36 x 24 pixels. The test set contains 50 sequences,
overall about 204,000 frames, with a frame rate of 30 FPS
and a frame size of 720 x 480 pixels. The sizes of humans
vary from 120 pixel wide to 300 pixel wide. The training set
and test set are captured in the same meeting room with the
same camera setting but different sitting arrangements and
different attendants. This set was used in the VACE 2005
evaluation [21].

First, we evaluate the detection rates and the false alarm
rates of the three level detection responses. 200 frames are
randomly selected from the test videos and sent to our de-
tection module. Note, to evaluate the actual detection per-
formance, we apply the single-threshold boosted classifier
to the whole image. Table.l shows the scores of the three

levels. It can be seen that these three levels represent differ-
ent favors in the decision tradeoff.

| | Level 1 | Level 2 | Level 3 |

75.65 88.19 99.95
0.58 2.53 45.20

Detection rate (%)
False alarm (# per frame)

Table 1. Detection performance of the three level detection re-
sponses.

Second, we compare the end-to-end performance of our
method with the system in [6], which is also a detection
based tracking algorithm. However, the detection module
in [6] outputs only one level of decision, whose accuracy
is similar to our second level responses. Table.2 lists the
scores of these two methods. It can be seen that our method
achieves about 7.3% higher MOTA than the method in [6]
and our system produces both fewer false alarms and fewer
missed detections. Fig.4(a) shows an example result.

| [ MODA | MOTA | MISS_PGT | FA PF

Systemin [6] | 0.7142 | 0.7139 0.1680 0.2334

This method | 0.7815 | 0.7870 0.1011 0.1978

Table 2. System performance of human detection and tracking in
meetings.



4.3. Human Tracking in Surveillance Videos

For street surveillance scenarios, we learned full-body
detectors for pedestrians. The training/testing data are from
the CLEAR-VACE surveillance corpus [22]. The training
set contains about 1,700 positive samples for frontal/rear
view, 1,120 positive samples for profile view, and 500 back-
ground images of outdoor street scene without humans. The
positive samples are normalized to 24 x 58 pixels. The
testing set contains 50 sequences, overall about 121,000
frames, with a frame rate of 30 FPS and a frame size of
720 x 480 pixels. This set was used in the CLEAR 2006
and 2007 evaluations [22]. The sizes of humans vary from
10 pixel wide to 80 pixel wide. However, as our detectors
do not work on very low resolution, we modify the original
ground-truth to label the humans smaller than 20 x 50 pixels
as “don’t care”.

We compare the performance of our method with the sys-
tem in [9] which is a detection based tracking algorithm and
has only one level of detection responses. Table.3 lists the
scores of these two systems. It can be seen that our method
achieves about 8.8% higher MOTA than the method in [9].
Note, the scores in Table.3 are computed by excluding very
small humans, hence they are not directly comparable with
the scores reported in the CLEAR evaluation workshops
[22], which consider humans of all sizes. Fig.4(b) shows
an example result.

| | MODA | MOTA | MISS_PGT | FA_PF |

System in [9] | 0.5265 | 0.5252 0.4231 0.0381

This method | 0.6157 | 0.6137 0.3147 0.0697

Table 3. System performance of human detection and tracking in
surveillance videos.

The speed of the entire system is about 1 FPS for the
meeting room human tracking problem and 0.4 FPS for the
surveillance human tracking problem. The most computa-
tional part of our system is the detection module. The speed
of our three level detection module is similar to that of the
single level detection module [6, 9], because the expensive
detectors of the second and third levels are only applied to
a small search space. Our experimental machine is a 64-bit
Intel Xeon 3.6GHz CPU PC with 4G RAM,; the program is
code in C++ using OpenCV functions without any parallel
computing.

5. Conclusion and Future Work

We described a fully automatic object detection and
tracking system. Tracking is done by associating detection
responses of multiple confidence levels. Experimental re-
sults show that our method is more robust than the tracking
algorithms based on detection with only a single decision
strategy.

The affinity measure is one of the key parts in our system.
The current affinity only encodes spatial and color informa-
tion. In our future work, we plan to integrate other types
of information, such as the motion consistency based on the
Lucas-Kanade feature tracker [18].
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