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Abstract

In video surveillance scenarios, appearances of both hu-
man and their nearby scenes may experience large varia-
tions due to scale and view angle changes, partial occlu-
sions, or interactions of a crowd. These challenges may
weaken the effectiveness of a dedicated target observation
model even based on multiple cues, which demands for an
agile framework to adjust target observation models dy-
namically to maintain their discriminative power. Towards
this end, we propose a new adaptive way to integrate multi-
cue in tracking multiple human driven by human detec-
tions. Given a human detection can be reliably associ-
ated with an existing trajectory, we adapt the way how to
combine specifically devised models based on different cues
in this tracker so as to enhance the discriminative power
of the integrated observation model in its local neighbor-
hood. This is achieved by solving a regression problem effi-
ciently. Specifically, we employ 3 observation models for a
single person tracker based on color models of part of torso
regions, an elliptical head model, and bags of local fea-
tures, respectively. Extensive experiments on 3 challenging
surveillance datasets demonstrate long-term reliable track-
ing performance of this method.

1. Introduction

Tracking multiple human is critical to many applica-
tions, ranging from video-based surveillance to human be-
havior analysis. Reliable human trackers have been in-
tensively studied for several decades with significant pro-
gresses [11, 6, 23, 12, 28, 22, 25]. Nevertheless, it is still
not uncommon for trackers to be challenged by enormous
variations of targets and scenes, e.g. cluttered backgrounds,
scale and view angle changes, unpredictable occlusions, and
complicated interactions among multiple human. These dif-
ficulties stem from the fundamental challenge: how to de-
sign and maintain observation models of targets that are ro-
bust to numerous variabilities and capable of distinguishing
themselves from their nearby background constantly.

In general, an observation model of targets based on a
single cue may be robust to certain distractions but vulner-
able to some others, e.g. color-based cue is robust to ob-
ject deformations but sensitive to lighting changes, while,
shape-based cue is insensitive to lighting changes but could
be distracted by cluttered background. Therefore, it is ap-
pealing to fuse multiple cues into one observation model.
For the sake of simplicity, most existing approaches assume
different cues are conditionally independent or the depen-
dence is fixed all the time. However, in reality discrimina-
tive capabilities and dependence of different cues are un-
known and may change dynamically. Therefore, to main-
tain discriminative observation models for targets with dy-
namic appearances, it is desirable to adapt the way to inte-
grate multiple cues on-the-fly during tracking.

Online adaptation of observation models without any su-
pervision is risky, since adaptation errors may be accumu-
lated gradually and lead to tracking drift. Consequently, for
long-term robust tracking, certain supervision is indispens-
able to initialize a tracker, guide the adaptation, and help
the tracker recover from tracking failures. Object detectors
are ideal means to provide such supervision for a fully au-
tomatic tracking system, which has been an active research
topic for decades itself. It is extremely hard to design a per-
fect object detector with both high detection rate and preci-
sion rate. Nonetheless, it is feasible to obtain a detector with
high precision only to provide limited supervision. There-
fore, we incorporate such a human detector with high preci-
sion and acceptable detection rate into a tracking system to
guide the adaptation of multi-cue integration for individual
human trackers.

In real-world sequences, appearances of both targets and
their nearby scenes are dynamic in general. In view of these
facts, we propose tracking multiple human where multi-
cues are adaptively integrated driven by human detections.
For a single target tracker, multiple cues based on color
models, shape matching, and bags of local features are com-
bined to infer the MAP estimation as tracking results in the
Bayesian filtering framework. When a human detection can
be associated with a trajectory reliably, we regard it as the
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true target location and adapt the combination of different
cues to enhance the discriminative power of the integrated
observation model for this target. By formulating this adap-
tion as a regression problem, we analytically and efficiently
solve the optimal combination of multiple cues in terms of
the integrated model’s discriminative capability against its
local vicinity.

The proposed method effectively unites the strengths of
detection and tracking. The observation model of each cue
which encodes the domain knowledge and is specifically
designed for the target remains unchanged during tracking,
so as to largely alleviate the risk of model drift. Instead, the
integration of multiple cues is adapted on-the-fly which is
supervised by reliable detections. This enables handling tar-
gets with dynamic appearances in non-stationary cluttered
background. Thus, off-line designed target models grad-
ually evolve to customized models for different targets on-
line. We incorporate this adaptive cue-integration algorithm
into a multiple human tracking system, which employs a
human head detector based on a Convolutional Neural Net-
work (CNN) [16], and 3 cues based on color models of part
of torso regions, an elliptical head model, and bags of lo-
cal features, respectively. This fully automatic system has
been evaluated extensively on the CAVIAR dateset [7] and
24 hours of real surveillance videos in retail and airport sce-
narios, and demonstrates prominent long-term tracking per-
formance in these challenging unconstrained environments.

2. Related Work

Literature review about visual tracking is beyond the
scope of this paper. As the proposed method mixes the
ideas of multi-cue integration, online observation model
adaptation, and detection driven tracking, we mainly dis-
cuss within these contexts in visual tracking.

For multi-cue integration, the simplest case is that differ-
ent cues are assumed to be independent, which can be fused
optimally using the best linear unbiased estimator (BLUE).
For example, [4] assumed two complementary cues are in-
dependent with equal variance, so that the matching of in-
tensity gradients around the objects boundary and the color
histogram of the objects interior were combined with equal
weights in a header tracker. Considering the cue depen-
dence, [26] formulated cue integration as a co-inference
problem where multiple modalities interact and guide the
updates of each other. [20] represented each cue as a dif-
ferent Bayesian filter and assumed sequentially conditional
dependent among them, thus, the cue dependence is consid-
ered in the re-sampling stage in the particle filtering [11].

Online learning of target observation model or dynamic
feature selection [13, 5, 18, 2, 27, 9] are effective and popu-
lar approaches to coping with targets with dynamic appear-
ances. Typically, the tracking result at current frame is used
to update the observation model directly or to collect train-

ing samples for online learning. However, in either case,
such unsupervised adaptation is prone to clutters and par-
tial occlusions. In addition, model errors may be accumu-
lated gradually. Therefore, model drift is not rare in prac-
tice. In contrast, our approach differs from conventional
online model adaptation in that the adaptation is not per-
formed blindly but driven by detection results. Moreover,
the way to integrate multiple cues is adapted rather the ob-
servation model of individual cues. Since generally these
models of different cues are specifically devised for a tar-
get and they remain unchanged during tracking, the risk of
model drift is alleviated. On the other hand, the combina-
tion of these models in the integrated observation model is
updated to make the target distinguishable from its neigh-
borhood. Thus, we adopt online regression in the adapta-
tion and need not explicitly determine positive and negative
training samples as in previous online learning [2, 27, 9].

There were a few attempts to combine the strengths of
detection and tracking recently. [17] optimized the space-
time trajectories of pedestrian detections, then fed back
these trajectories to guide removing false positives from de-
tections. [1] incorporated pedestrian detectors and human
pose estimator to obtain short tracks, then linked them by
the Viterbi algorithm. [10] proposed to associate human
detections by a hierarchical of matching schemes utilizing
dynamics and scene knowledge. The fundamental differ-
ence from our method is that these work all assumed detec-
tors with high recall rates can provide sufficient detection
results though with some false positives. In contrast, we as-
sume detectors with high precision merely output reliable
detection results occasionally. Additionally, the observa-
tion models to establish the associations among detections
in consecutive frames are fixed in these methods.

3. Overview of our approach

The key idea of our approach is to utilize object detec-
tors to provide supervision to the adaption of multi-cue in-
tegration for single object trackers. Thus, a generic object
tracker can gradually evolve to a specific object tracker in
order to be distinguishable in its neighborhood. Specifi-
cally, for each input frame, we employ the Bayesian filter-
ing framework to infer the tracking results of single target
trackers which combine multiple cues in their observation
models. In the meantime, we run a human detector with
high precision and acceptable recall rate. If a detection can
be associated with a tracked trajectory reliably, we utilize
this detection to adapt the way of multi-cue integration for
this tracker. The updated observation models are used to
track targets and associate with detections in the following
frames. A detection that is not associated with an existing
trajectory is used to initialize a new tracker. The system
block diagram is summarized in Fig. 1.
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Figure 1. The system block diagram.

3.1. Single target tracking

We formulate single target tracking in the Bayesian fil-
tering framework. Denote the motion parameters of the tar-
get by x = {u, v, s} where (u, v) is the translation and
s is the scale, and the corresponding image observation
by z. The posterior is recursively estimated based on the
likelihood or observation model P (zt|xt) and the dynamic
model P (xt|xt−1), as

P (xt|zt) ∝ P (zt|xt)
∫

P (xt|xt−1)P (xt−1|zt−1)dxt−1.

(1)
The tracking result is the MAP estimation x∗t =
arg maxxt

P (xt|zt).

3.2. Association of detections with trajectories

A detection is assumed to associate with a trajectory re-
liably if they are consistent in terms of both appearance
matching and motion dynamics. Given the detection re-
sponses yi (the location and scale of an object) and the
tracking results xj

t at t, we associate them by solving an op-
timal assignment problem. For each pair of yi and xj

t , their
association likelihood P (yi,xj

t ) is defined by plugging yi

into Eq. 1, i.e.,

P (yi,xj
t ) = P (yi|xj

t )P (yi|xj
t−1). (2)

Note here a detection result yi is regarded as an observa-
tion. We use a Gaussian constant velocity model for the dy-
namic model P (yi|xj

t−1), where the velocity and its vari-
ance are calculated using the history trajectory. The ob-
servation model based on multiple cues is discussed in de-
tails in Sec. 4 and Sec. 5. Thus we construct an assignment
matrix C where each element Cij = log P (yi,xj

t ). The
optimal maximizing assignments are computed using the
well-known Hungarian algorithm [14]. If the matching of
an assignment (yi,xj

t ) is too low or yi can not find a match
at all, yi will be initialized as the start of a new trajectory.
Otherwise, we substitute xj

t by yi as the tracking result x∗jt

for this tracker to guide the adaptation of cue integration.

4. Multi-cue Integration and Adaptation

For a single target tracker, given the associated detection
result x∗t = yi , we adapt the integration of multiple cues to
enhance its discriminability with respect to its close neigh-
borhood. Denote the observations of N different cues at
time t by zt = {z1

t , · · · zN
t }. The key of multi-cue integra-

tion is how to model the joint likelihood P (z1
t , · · · zN

t |xt).
If multiple cues are assumed conditionally independent,
then P (z1

t , · · · zN
t |xt) =

∏N
n=0 P (zn

t |xt). Without con-
fusion, we drop the subscript t in this section.

The joint likelihood can be modeled using a joint dissim-
ilarity function d(·),

P (z1, · · · zN |x) =
1
Z

exp(−d(z1(x), · · · , zN (x)), (3)

where zn(x) is the image observation of the nth cue given
the motion parameter x, and Z is a normalization term.
Not using the assumption of conditional independence, we
model the joint dissimilarity function as a linear combina-
tion of the dissimilarity functions of individual cues:

d(z1(x), · · · , zN (x)) =
N∑

n=1

wnd(zn(x)) = wT d(x),

(4)
where w = {w1, · · · , wN} are non-negative weights and
d(x) = {d(z1(x)), · · · , d(zN (x))} concatenates the dis-
similarity function of each cue. These dissimilarity func-
tions should give 0 for perfect matching, and their ranges
should be consistent. For example, in our implementation,
for the color-based cue, the dissimilarity is one minus the
Bhattacharyya coefficient w.r.t the stored color model; for
the shape-based cue, it is one minus the sum of matching
score along the head shape model. Their values range in
[0, 1]. wn is initialized to 1 when a new tracker starts.

Denote d(x;w) = wT d(x). Given x∗, we strive to en-
hance the discriminative power of this integrated dissimi-
larity function d(x;w) in its close neighborhood N(x∗).
Namely, the farer one motion parameter x away from x∗,
the larger of the difference between d(x;w) and d(x∗;w),
which indicates a more discriminative joint dissimilarity
function spatially. To explicitly model this property of
d(x;w), we introduce a monotonic function f(x;x∗) w.r.t
the distance of x to x∗ to represent the discriminative capa-
bility. Thus, the adaptation of cue integration can be well
formulated as a regression problem:

d(xm;w)− d(x∗;w) = f(xm;x∗)− ξm,∀xm ∈ N(x∗),
(5)

where ξm are slack variables. Then, if d(xm;w) satisfies
this equation with all ξm ≤ 0, ∀xm ∈ N(x∗), this indicates
that d(x;w) is more discriminative than f(x;x∗). Sample
functions of f based on the normalized distance ||(u, v) −
(u∗, v∗)||/s∗ are shown in Fig. 2.
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Figure 2. Sample f(x;x∗) = (||(u, v) − (u∗, v∗)||/s∗)p. p = 1
(left); p = 2 (right).

To find the optimal w = {w1, · · · , wn} that maximizes
the discriminative power of d(xm;w), we need to minimize∑M

m=0 c(ξm), where M is the number of motion parameters
in the neighborhood N(x∗), and c(ξm) is a cost function to
penalize ξm > 0. In the meantime, we need to minimize
a regularizer ||w||2 to favor a flat function d(x;w) (Please
refer to the support vector regression (SVR) [24] for the
discussion of flatness). Thus, this regression problem can
be solved by an optimization problem with a regularization
term λ, given as

min L(w) =
1
M

M∑
m=0

c(ξm) +
λ

2
||w||2

=
1
M

M∑
m=0

c(f(xm;x∗)−wT (d(xm)− d(x∗)))

+
λ

2
||w||2. (6)

This optimization problem can be solved either by the stan-
dard primal-dual approach employed in SVR [24], or by
direct gradient descent in the primal space. We use the gra-
dient descent method since the dimensionality of w is low.
The gradient ∇L(w) and the update rules for w given a
learning rate Λ are derived by

∇L(w) =
1
M

M∑
m=0

−c′(ξm)(d(xm)− d(x∗)) + λw. (7)

w ← w − Λ∇L(w),

w ← (1− Λλ)w +
Λ
M

M∑
m=0

c′(ξm)(d(xm)− d(x∗))(8)

The cost function c(ξ) should only penalize ξ > 0, we
choose c(ξ) = |ξ|+ = max(0, ξ), so c′(ξ) = 1 if ξ > 0 and
c′(ξ) = 0 if ξ ≤ 0. Arbitrary function f can be used. In our
implementation we use f(x;x∗) = ||(u, v)− (u∗, v∗)||/s∗.
λ is set equal to 1. The initial Λ is set to 1 and decreases
by a half in each iteration with up to 5 steps in Eq. 8. Note
we do not enforce the sum of wn equals to one, instead, the
function f(x;x∗) implicitly enforces the similar constraint.

We select the neighborhood N(x∗) from those hypothe-
ses whose dissimilarity functions d(zn(x)) have been cal-
culated in tracking. Therefore, this cue-integration adapta-
tion module does not induce much extra computation. The
computational complexity is almost the same as integrating
multiple cues without adaptation.

5. Observation Models of Individual Cues

The proposed cue-integration method is flexible to ac-
commodate arbitrary cues, so long as the ranges of their
dissimilarity functions are consistent. Color, shape and tex-
ture are 3 basic characteristics of an object in monocular
videos. Therefore, for a single person tracker, we employ 3
observation models based on color models of human head
and part of torso region, an elliptical head model, and bags
of local features on torso, respectively.

Figure 3. Illustration of the observation models of 3 different cues
in the single person tracker.

5.1. Cue 1 based on color models

The kernel-weighted color histogram [6] of the head and
upper torso region, drawn as the red rectangle in Fig. 3, is
stored for each target. The histogram consists of 8×8×8 =
512 bins in the RGB space. The Bhattacharyya coefficient
(BC) is used to measure the similarity between a color his-
togram of a hypothetic target x and the stored model, i.e.

BC(Hx,Hm) =
512∑
q

√
Hx

q Hm
q , (9)

where Hx and Hm are the color histograms of x and the
stored model respectively, and q is the bin index. 1 −
BC(Hx,Hm) = 0 indicates a perfect match.

To make this model more robust, for each trajectory, two
color histograms are stored. H̃m is the histogram of the
last tracked instance on the trajectory and H

m
is the run-

ning average of the latest a few instances. The first one
accounts for the short-term memory of the target. When
a person has been correctly tracked in consecutive frames,
1 − BC(Hx, H̃m) shall give a very small value. In case
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of losing tracking or occlusions, long-term memory mod-
eled by H

m
is helpful so that when the person re-appears,

he/she can still be remembered and tracking can be correctly
recovered. Therefore, the dissimilarity function of this cue
is written as

d(z1(x)) = min(1−BC(Hx, H̃m), 1−BC(Hx,H
m

)).
(10)

5.2. Cue 2 based on an elliptical head model

The elliptical shape of a head is an evident indication
of the presence of a human [4]. Given a hypothesis x, we
calculate the intensity gradients on K = 36 normal vectors
�nk along the ellipse centered at x, as drawn as the red ellipse
in Fig. 3. The angle θk between the largest gradient �gk on
�nk and �nk measures the discrepancy. The larger the sum
of all cosine of θk indicates the better matching with this
elliptical model. The dissimilarity function is defined by

d(z2(x)) = 1− 1
K

K∑
k=1

| cos(θk)|. (11)

d(z2(x)) = 0 indicates a perfect match.

5.3. Cue 3 based on bags of local features

We employ a bag of local features to capture texture
characteristics of human torso regions. We compute fast
dense SIFT-like features [19, 8] on every grid (with size of
4× 4 pixels) within the red rectangular region in Fig. 3. By
assigning each feature vector into one of 256 clusters, and
then counting the frequency of assignments for every clus-
ter, we obtain a histogram of these local features. Inspired
by recent success of the spatial pyramid matching (SPM)
method [15] in object classification, we choose SPM to in-
corporate the spatial layout information of local features.
Two levels with 1 × 1 and 2 × 2 cells are used. So, for
each hypothesis region the final feature representation has
256× 5 = 1280 dimensions.

Again, the Bhattacharyya coefficient is used to to mea-
sure the difference between two SPM histograms, i.e.

d(z3(x)) = 1−BC(hx,hm), (12)

where hx and hm are the SPM histograms of x and the
stored model respectively.

6. Experimental results

6.1. Settings

We test the proposed tracking algorithm on a variety
of real-world surveillance video datasets including 26 se-
quences in the CAVIAR dataset [7], 4 hours videos in a re-
tail scenario, and 20 hours videos in an airport scenario used
in the TRECVID 2008 event detection [21]. The proposed

approach is compared with methods using the individual
color-based, shape-based and texture-based cues in Sec. 5,
and the method fusing them with the assumption of condi-
tional independence. Up to 300 samples and 3 scale fac-
tors {0.95, 1, 1.05} are used in a single target tracker. The
computational complexity of the algorithm depends on the
number of targets and image resolution. Given the detec-
tion results, the system runs at about 1-5 fps on a Core2Duo
3.16GHz desktop.

We focus on evaluating average tracking performance
over a long time period rather than performance for a few
tough cases. Evaluation of multiple human tracking re-
quests annotating every target, which is quite costly even
for not so crowded scenes. Given these annotations with
correspondences, we measure the tracking performance by
the multiple object tracking accuracy (MOTA) criterion [3],
which penalizes missed targets, false positives, and identity
mismatch errors, i.e.,

MOTA = 1−
∑

t(mt + fpt + mmet)∑
t gt

, (13)

where mt, fpt, and mmet are the numbers of misses, of
false positives, and of mismatch errors at time t, respec-
tively, and gt is the number of true targets. If the correspon-
dences among annotations are not available, we measure the
performance by the F1 score, i.e, the harmonic mean of pre-
cision and recall rates.

6.2. Human detection

Partial occlusions of human body occur frequently in
crowded scenes, therefore, we train a multi-view human
head detector based on a Convolutional Neural Network
(CNN) [16]. The performance is tuned to have fairly high
precision (around 80%) with acceptable recall rates (around
40%− 50%). The detection performance (denoted by Det.)
on each dataset is reported in the first row of Tabs.1-3.

6.3. The CAVIAR dataset

The CAVIAR dataset [7] includes 26 videos at resolu-
tion 384 × 288 captured in a corridor, and its ground truth
contains 235 trajectories. We estimate head locations from
the ground truth to compare with the detection and track-
ing results. The proposed method (denoted by MC-Adapt)
is compared with the method that integrates multiple cues
assuming conditional independence (denoted by MC-Ind),
and the methods using a single cue based on color, shape,
and texture information in our detection driven framework
(which are denoted by Cue 1 (C), Cue 2 (S), and Cue 3 (T),
respectively). The average precision rate (Prec.), recall rate
(Rec.), F1 score, and the MOTA score over 26 sequences of
these methods are listed in Tab. 1.

From Tab. 1, we can see color information is a good cue
for this dataset since people mainly walk towards or away
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Method Prec. Rec. F1 MOTA

Det. 0.873 0.457 0.599 -
Cue 1 (C) 0.788 0.699 0.738 0.511
Cue 2 (S) 0.857 0.579 0.685 0.483
Cue 3 (T) 0.863 0.513 0.644 0.434
MC-Ind 0.804 0.706 0.749 0.535
MC-Adapt 0.819 0.754 0.783 0.593

Table 1. Performance comparison on the CAVIAR dataset.

from the camera and seldom turn around. Nevertheless,
the other two cues can help when partial occlusions occur.
The MC-Ind method obtains the MOTA score 0.535. By
adaptively integrating multiple cues, our method further im-
proves the tracking accuracy and achieves the MOTA score
0.593. In comparison, recent work [25] and [10] reported
MOTA=0.537 and MOTA=0.540. Note [10] showed that
employing high-level scene knowledge, e.g., the locations
of exits and pillars, and iteratively associating short trajec-
tories off-line can further improve the performance. While,
in our method, we do not use such prior knowledge and
make decision of tracking results online.

The detection and tracking results are illustrated in
Fig. 4. The human detection results are drawn as yellow
rectangles in the first row, where the pseudo-color dots in-
dicate the confidence of the detections. Our tracking results
are displayed in the second row, where the colors indicate
different identities. At frame 277, when the man in the left
of the frame largely occludes the coming woman (pointed
by a yellow arrow in Fig. 4), the integrated joint dissimilar-
ity function d(x;w) in the MC-Adapt method is more dis-
criminative than that of combining them with equal weighs
in the MC-Ind method, as shown in Fig. 5. The trackers fol-
low all the targets quite well though detections are absent
frequently, e.g at frame 404.

Cue 1 Cue 2 Cue 3

MC-Ind MC-Adapt

Figure 5. The surfaces of dissimilarity functions in a 11×11 neigh-
borhood for each cue, and the MC-Ind and MC-Adapt methods.

6.4. Results in a retail scenario

We recorded 4 hours of surveillance videos at resolution
640 × 480 in a retail shop and annotated all human heads

Method Prec. Rec. F1 MOTA

Det. 0.909 0.468 0.618 -
Cue 1 (C) 0.827 0.515 0.634 0.437
Cue 2 (S) 0.812 0.532 0.642 0.442
Cue 3 (T) 0.889 0.484 0.627 0.425
MC-Ind 0.836 0.581 0.678 0.486
MC-Adapt 0.855 0.621 0.719 0.525

Table 2. Performance comparison for the retail scenario.

Method Prec. Rec. F1

Det. 0.867 0.456 0.598
MC-Ind 0.770 0.610 0.681
MC-Adapt 0.831 0.632 0.718

Table 3. Performance comparison for the airport scenario.

every 3 frames. This scenario is challenging since the back-
ground is very cluttered and people in suits or white shirts
exhibit almost identical appearances, as shown in Fig. 6.
The color-based cue is not as effective as in the CAVIAR
dataset. By adaptively combining the 3 cues, the MC-Adapt
method achieves MOTA score 0.525 in this retail scenario.

6.5. Results in an airport scenario

We further evaluate the proposed method in an extremely
crowded scenario recorded in London Gatwick Interna-
tional Airport, which is used in the TRECVID 2008 event
detection evaluation [21]. We annotated all human heads
every 750 frames for 20 hours of 720 × 576 videos from 2
camera views. Since the exact correspondences for the la-
belled persons are hard to obtain (someone leaves the scene
in tens of seconds), we use the F1 score to measure the per-
formance. Although on average there are 6.97 persons per
frame, there may be around 20 people in the scene, as shown
in Fig. 7. The persons may undergo large scale and view
angle changes and very complex partial occlusions. So no
single cue works well enough in this scenario. Our system
is fairly robust to deal with these tough cases by combining
detection and tracking, as demonstrated in Fig. 7 and 8. As
shown in Tab. 3, the proposed method improves the recall
rate by about 18% over the human detection with only 3.6%
loss in precision, thus the F1 score increases by 0.12.

7. Conclusion

In this paper, we propose to adaptively integrate multi-
ple cues driven by detections and present a complete mul-
tiple human tracking system. Multiple cues are combined
to explicitly enhance the discriminative capability of the
joint observation model with respect to its close neighbor-
hood. Thus, a generic object tracker can gradually adapt
to its environments. Without much extra computations,
this adaptive method effectively improves the performance
compared with integrating multiple cues with fixed equal
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Figure 4. Frame #185, 277, 319, 404, and 794 of sequence [OneStopMoveEnter1cor]. The human head detections (top row) and our
tracking results (bottom row).

Figure 6. Frame #256, 266, 331, 505, and 936 of sequence [shopping mall]. The human head detections (top row) and our tracking
results (bottom row).

weights. The proposed approach has been extensively eval-
uated on over 24 hours of challenging surveillance videos
in retail and airport scenarios and achieves prominent per-
formance. Our further work is to take into consideration of
the interactions of multiple trajectories in the system.
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