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Scene-Adaptive Hierarchical Data Association for
Multiple Objects Tracking
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Abstract—Obtaining reliable and discriminative target repre-
sentation are two vital tasks for data association in multi-tracking.
Pervious works always directly combine bunch of features for
more discriminative target representation, but this is prone to
error accumulation and unnecessary computational cost, which
on the contrary may increase identity switches in data association.
Moreover, reliability of a same feature in different scenes may
vary a lot, especially for currently widespread network cameras,
which have been settled in complex and various scenes, previous
fixed feature selection scheme cannot meet general require-
ments. To address this problem, we propose a scene-adaptive
hierarchical data association scheme, which adaptively selects
features which have higher reliability on target representation in
applied scene, and gradually combines features to the minimum
requirements of discriminating ambiguous targets. Hierarchical
feature space is constructed according to reliability of features in
the multi-tracking system, and data association is conducted in
different layers of the feature space adaptively. Our algorithm
is validated on various challenging RGB-D and RGB datasets
recorded in various indoor and outdoor scenes, for diversities
of both features and scenes. Experimental results validate its
effectiveness and efficiency.

Index Terms—Data association, multiple objects tracking.

I. INTRODUCTION

ULTI-TRACKING aims to locate moving objects,

maintain their identities and retrieve their trajectories
[1], in other words, to perform data association based on detec-
tion responses through a video sequence. Most valuable works
have been done [2]-[5] which can be organized into two main
categories: One category takes information from future frames
[6]-[8] to get better association via global analysis, like global
trajectory optimization [6], network flows [8], hierarchical
tracklets association [9], etc. However, it is not suitable for
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Fig. 1. Tough problems in multi-tracking. The first row shows various scene
types multi-tracking applied, such as indoor, outdoor, distant, close, crowded,
sparse, etc. The bottom row shows detection responses obtained from our dataset
with large scale variation, frequent view-truncation, partial occlusion, and wider
range of poses [10] which are all multi-tracking faces in practice.

time-critical applications and is relatively computation-con-
suming. The other category only considers past and current
frames to make association decisions [11]-[13]. They usually
relied on Kalman [14] or particle filter [15] to handle data
association. Because of their recursive nature, this category is
suitable for time-critical application, but it may easily lead to
irrecoverable wrong data association in crowded scene with
similar appearance and complicated interactions. This requires
the system not only has enough ability to discriminate all
targets on a given frame, but also has stable representation for
each target in consecutive frames.

In order to increase the discriminating power, many pervious
works usually combine a bunch of features to represent detec-
tion responses [ 1]-[16] and calculate the affinity matrix between
them and existing tracklets. But they are with unsatisfactory per-
formance on handling relatively challenging scenes for two rea-
sons: First, feature representation of a same target may exhibit
large variation due to illumination variation and wide range of
poses. This indicates that stable representation of target is hard
to obtain in challenging scenes. Second, errors of targets rep-
resentation are common in cluttered scenes. For example, posi-
tion of the detection response may not be exactly on the center
of targets due to frequent view-truncation and partial occlusion
(as shown in Fig. 1), especially in close-range scenes. This indi-
cates same feature representation may have different reliability
in different scenes and systems. Therefore, combining a bunch
of features may not contribute to a better association between
detection response and existing tracklets. On the contrary, fea-
tures have lower reliability or discriminating power can bring
adverse effect on reliable features, and also unnecessary com-
putational cost.

In order to address above problems and to achieve a general
multi-tracking algorithm suitable for network cameras in var-
ious scenes, our work focus on adaptively selecting relative re-
liable features in the applied scene and efficiently combining
them to discriminate ambiguous targets. Our main contribution
lies in two aspects: (1) We originally proposed a scene-adap-
tive feature selection scheme, which measures features relia-
bility for targets representation and selects relatively reliable

1070-9908 © 2014 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.
See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.



698

IEEE SIGNAL PROCESSING LETTERS, VOL. 21, NO. 6, JUNE 2014

Hierarchical
Feature Space

Scene Adaptive
Feature Selection

Feature Spaces

Hlerarchlcal Data Association

Updated Tracklets

links!

T
T
noise
" detection
o o

conflicting l '

O
reliable I
link ), g L

reliable

Tih
/It /‘( conflicting

ﬂlq \ links!

i, ‘reliable
link

link

Fig. 2. A briefillustration of hierarchical data association on scene-adaptive feature space. Noise detection, miss detection, reliable links and conflicting links are

unified and properly handled in this hierarchical framework.

ones for data association. This makes the algorithm much more
general in the camera network with various scenes. (2) A novel
hierarchical data association scheme is proposed, where features
are gradually fused according to the need of discriminating am-
biguous detection responses. This avoids unnecessary compu-
tation cost and reduces error accumulation compared to simul-
taneously fusing bunch of features.

II. FEATURE SELECTION AND DATA ASSOCIATION
A. Preliminaries

In the multi-cue data association framework, the key problem
is to associate n detection responses in the current frame with m
existing tracklets. Through out this paper, let Rt := {r;},, de-
note 7 detection responses at frame ¢ and let r; denote one detec-
tion response. Let 7 := {7;},,, denote m existing tracklets and

let 7; denote one tracklet, where 7; := {--- ,rg-t—2> (t= 1)}

and " denotes the detection response associated to tracklet 7;
at time ¢. It can be seen from Fig. 2, one tracklet actually con-
tains all detection responses associated to it in the past.

The most commonly used approach is to calculate affinities

between a detection response r; and a tracklet 7; in each
cue (feature), and then to multiply all affinities to obtain the
final association probability. In classic association frameworks
[1]-[17], link probability between r; and 7; is usually defined
as the product of affinities based on several features, like
position, size, appearance, etc., formulated as:
T5) Aappr (i Tj) -+ (1)
where Ay, (r;, T;) denote the affinity between a detection re-
sponse r; and a tracklet 7; and f; denotes any feature used for
target representation. However, as mentioned in Section I, mul-
tiplying affinities based on many features will not always in-
crease discriminative power, on the contrary, it is prone to error
accumulation and bring unnecessary computational cost. To ad-
dress this problem, a novel hierarchical data association scheme
is proposed.

Pli'nk (7’1‘, 7}) = Apos (Tin Z)Abz (ri:

B. Hierarchical Feature Space (HFS) Construction

First a feature space F is constructed which contains various
common used features { f1. } for describing detection responses.
Based on the feature space F, a generative form of the link
probability is formulated as:

Pllnl. (,,-1 (2)

H 'Afr Ti,

fLEF

Then F is reconstructed into K hierarchies obeying two rules:
1) Lower hierarchies should be constructed with fea-
tures which demonstrate higher reliability on target
representation.
2) Higher hierarchy of feature space gradually have one more
feature: Fr, = Fr,_, U {/fe}.
A brief illustration of hierarchical feature space is given in
Fig. 2, where {r}; } and {T%, } denote detection responses and
tracklets to be associated in hierarchy Hy, respectively.

C. Scene Adaptive Feature Selection (SAFS)

Therefore, to construct the hierarchical feature space, features
with higher reliability should be selected first. It is based on
the observation that reliability of a same feature varies a lot in
different scenes. Reliable target representation is vital for an
accurate data association. Therefore, the sence adaptive feature
selection scheme is necessary, proposed as follows:

First, let r;(¢) denote detection response r; at frame 7, and
tracklet 7; represents the set of all detection responses associ-
ated to target j before frame ¢. Suppose r; is associated to 7;

at frame ¢ (r; — 'r](»t) ), given feature f, the variation of feature
representation for target j is defined as:

vi, (1) = (3)

here Disty, (-) represents distance metric between detection re-
sponse r; and target (tracklets) 7; under representation of fea-
ture fy, which is user-defined metric but not fixed.

Then, two statistics of variation v, (#) are calculated: One is
the mean of variation uy, :

ZNT P 15»(1)7;'2 )
Z Zl 1050 +1
8;(t) = 1 f is selected to represent T
' 0 otherwise.

where N7 is number of detection responses associated to track-
lets at time ¢. The other statistic of variation v}, (t) is standard
deviation of variation sy, :

Disty, ('rg-t), 7;)

g, = where

() on frame ¢. )

(ufk )2

SN S (8D (1) -
ZAT Zi AGES!

)

Sfe =

In practice, the ideal feature representation should have less and
stable variation, that means low mean and standard deviation
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value. In this framework, the reliability of feature f; on target
representation can be given as:

Rk:Uk(w1~L+w2~i) (6)
Ut S fr
where U}, is a prior parameter for each feature fj to transform
the heterogeneous statistics of different features into homoge-
neous data to make sure reliability of different features can be
compared together, and w; and wo are weights factors.

The formulations given in Eq. (4) and Eq. (5) are analytical
forms. In practice, an iterative update way is adopted: given
current uy, , 5, and new coming v%, (£ + 1), the updated mean
and standard deviation can be given as:

. 1 1 ;
o= (1= S o w0
(N
L2 1 2
60" = (1= 5yt ) )

! 2 ) ; 2
* A (t+1)+1 ' (“’fk — iy, + (7)}]c (t+ 1)) )

t

Nt
where A, (£) =Y _> 8 (]) ®)

j=11=1

Given updated value @, and 3y, , Ry, can be iteratively updated
by Eq. (6) at each frame .

D. Hierarchical Data Association (HDA) on HFS

Based on previous modules, suppose K features with higher
reliability are selected and hierarchical features space is con-
structed obeying rules in Section II-B. For kth hierarchy Hy,
suppose there are M), tracklets and N, detection responses to
be associated. Let Ty, := {7; ng }as, denote My, tracklets and
Ru, = {rjqk}Nk denote N}, responses.

First, an affinity matrix M7, between Ty, and Ry, is calcu-
lated. Let Agk denote the element in the ¢th row and jth column
of My, . A3, is the affinity between r; and 7; considering all
features { fi.} in Fy, , given as:

5. = Prini(rs, T;|Fpr, ) = H Ay, (i, T;) ®)
e €Fm,
where Ay, (r;,T;) = G(Disty, (Tz‘(t)a'].—j)%ufwé'i,)
(10)

Then, based on the affinity matrix Mg, , a hierarchical data
association algorithm is conducted to handle data association
on the kth hierarchy. A brief illustration of the hierarchical data
association is shown in Fig. 2.

After that, reliable links in Ry, are associated. For any noise
detection in set Ny, , a new tracklet is informally initialized first
and will be formally initialized if enough responses are associ-
ated to it in subsequent frames. Thus new entry will be han-
dled properly. For each tracklet 7; in miss detection set My, ,
causes about miss are analyzed. If miss detection is due to exit,
7; is removed from 7. If due to occlusion, an occlusion han-
dling strategy proposed in our previous work [18] is adopted.
It can effectively find reappearing response and use it to update
the tracklet 7;. Conflicting links in set C'y, are transferred to

699

TABLE I
DETAILED CONFIGURATION OF EXPERIMENTAL DATASETS

Dataset Type

Dataset Name In / Out Distance RGB-D / RGB
Scene 1 - Scene 5 Indoors Close RGB-D
Scene 6 - Scene 10 Indoors Close RGB
Scene 11 - Scene 15 Outdoors  Distant RGB
PETS09 S2.L1 - S2.L3 [21]  Outdoors  Distant RGB
TUD Campus [25] Outdoors  Close RGB
TUD Crossing [25] Outdoors  Close RGB

the higher hierarchy Hj 1 to be further distinguished by com-
bining more features in feature space Fg, . Finally, this iter-
ative process is terminated until the last hierarchy Hy is pro-
cessed or all conflicting links are distinguished. For example in
Fig. 2, all conflicting links become reliable links in hierarchy
H3. The final remain conflicting links, if any, are associated
using Nearest-Neighbour strategy for simplicity.

III. EXPERIMENTS AND ANALYSES

A. Datasets and Settings

There is no generally accepted benchmark available
for multi-tracking [22]. Therefore, we recorded our own
multi-tracking dataset including both RGB and RGB-D data,
indoor and outdoor scenes, which shows great diversities.
This challenging dataset presents frequent interactions, signif-
icant occlusions, various illumination conditions and cluttered
backgrounds. The RGB-D dataset is recorded by a Kinect
sensor. Height of the sensor is set to 1.8 m with a horizontal
perspective. Moveover, most related publications have carried
out experiments on their own sequences, which we have tried
to combine several of them which are public. The detailed
configuration of the experimental datasets is given in Table I.

B. Implementation Details

In practice, the reliability of features varies a lot in different
scenes. To make the algorithm more general, scene adaptability
is necessary. Compared with long period run of an online multi-
tracking system, feature selection is a short period procedure,
which does not need conducted in the whole process. For the
initialization procedure in each scene, first a set of commonly
used features are selected to construct the feature space, then
data association is performed on one or more multi-tracking se-
quences recorded in this scene. Then based on the associated se-
quences, two statistics u, , sy, and reliability 12;, for all features
in feature space are calculated according to algorithm given in
Section II-C. Due to its statistical nature, occasional id-switches
can be overlooked in data association. The variation reference
U} in Eq. (6) can be obtained by averaging variations of each
feature fi during association in several sequences in different
scenes.

Our experiments are designed as follows: Firstly, quantitative
analysis of features’ reliability in different scenes are given
which proves the reasonableness and necessity of the proposed
scene adaptive feature selection scheme. Secondly, different
multi-tracking frameworks with different feature selection
schemes and different data association approaches are com-
pared with quantitative and qualitative analysis, which proves
the effectiveness and efficiency of the proposed framework.



700

e I S

IEEE SIGNAL PROCESSING LETTERS, VOL. 21, NO. 6, JUNE 2014

TABLE II

QUANTITATIVE ACCURACY AND SPEED COMPARISON (NOT INCLUDING
DETECTION TIME, ONLY DATA ASSOCIATION) OF SEVERAL DATA
ASSOCIATION SCHEMES IN OUR DATASETS (TABLE I)

MOTA (%) / FPS

Frameworks Scene 1-5 Scene 6-10 Scene 11-15 Public

SAFS+HDA 91.20/29.3 86.23/20.5 89.20/23.4 88.25/21.9
HDA 87.65/25.6 82.67/19.5 86.32/23.6 85.95/20.1

non-HDA 75.25/16.3 71.36/15.5 73.95/18.6 80.24/19.2

(d)

Fig. 3. Variation statistics of four features in different scenes. To facilitate ob-
servation, we mapped variation reference U7, (in Eq. (6)) of each feature fy to
20 on horizontal axis, in order to give a intuitive observation of this compar-
ison. The vertical axis indicates number of association corresponding to each
variation value in the tested scenes.

Fig. 4. Qualitative results of the proposed multi-tracking scheme tested in var-
ious scenes (from top to bottom scene 1, scene 6, TUD Campus [25] and TUD
Crossing [25]).

C. Scene-Adaptive Feature Selection Evaluation

Three scenes in our datasets scene 1, scene 6 and scene 11 are
used for the evaluation, which represents most typical scenes in
practice, including indoor and outdoor, close and distant, sparse
and crowded scenes, etc. (corresponds to row 1 — 3 in Fig. 4 re-
spectively). Four most commonly used features: color, position,
size, and appearance models are selected for comparison. RGB
and RGB-D datasets adopt different detector for getting detec-
tion responses for each frame. Here RGB dataset adopt classic
DPM+LSVM detector [24] and RGB-D dataset adopt a novel
3D motion detection method [26]. Different detectors lead to
different accuracy of detection responses. Therefore, common
situations in practice such as various scenes, detectors and data
types are included in our evaluation, based on common sense
that these conditions relate with reliability of targets represen-
tation for a given feature.

To verify this, variation statistics of feature representation of
four features in three different scenes are recorded during as-
sociation and given in Fig. 3. In Fig. 3(a), crowded situation
in scene 6 makes color representation (global HS histogram)
less reliable compared with relatively sparse indoor and out-
door scenes in scene 1 and scene 11, for crowded scene brings
more frequent occlusions which reduces stability of global HS
histogram description. As shown in Fig. 3(c), size cue in scene
11 is much more reliable than in scene 6 for scale change and
view-truncation are much severer in indoor scenes than out-
doors. Size cue in scene 1 is most reliable for sizes of detec-
tion responses with RGB-D data are transformed to real length
metric in real world which has little change for a same target.

A similar situation with position cues is shown in Fig. 3(b) for
both position and size are length-related features. For appear-
ance, a commonly used part-based model in previous works
[27]1-[29] are adopted for scenes 6 and 11, but scene 1 uses a
depth-invariant part-based model using RGB-D data which is
proposed in our previous work [23] (details are given in the ap-
pendix Section III). Appearance representation is less reliable
for scene 6 due to frequent view-truncation of the sensor, which
seldom happens in outdoor scene 11. In conclusion, reliability
of features closely relates to scene conditions (lighting, distance,
density, etc.) and system conditions (accuracy of detectors, data
source, such as RGB-D or RGB, etc.). This proves the ratio-
nality and necessity of the scene-adaptive scheme.

D. Hierarchical Data Association Evaluation

The standard metric MOTA (multiple objects tracking ac-
curacy) [19] is widely used to evaluate performance of multi-
tracking algorithm. In our experiments we adopted a revised
version of MOTA following [20]. Taking into consideration of
real-time capability of algorithm, we also compute the FPS. The
quantitative results are given in Table II. Here non-HDA stands
for combining all features in feature space for data association.
It can be seen from Table II that compared with classic associ-
ation schemes combining bunch of features, HDA not only im-
proves the MOTA, but also the speed. This indicates that com-
bining more features without considering requirements for cur-
rent association not only wastes computation resources, but also
weaken discriminant ability of discriminative representation of
features. And with SAFS, the HDA is performed on the hierar-
chical feature spaces which gradually use more reliable features
for association. It can be seen from Table II that both MOTA
and speed are improved with SAFS. One more thing worth to
mention is that speed is highly improved with RGB-D datasets
because 3D position on the first hierarchy can solve most situa-
tions in multi-tracking.

IV. CONCLUSIONS

In this work, we focus on adaptively combining features to
discriminate ambiguous targets for better data association in
various scenes. Compared with previous work, the proposed hi-
erarchical data association scheme based on hierarchical feature
space gradually fuses more features according to requirements
of distinguishing conflicting responses, leading to less error
accumulation and less computational cost. The scene-adaptive
scheme selects features with higher reliability in the applied
scene based on the observation that features’ reliability varies
in different scenes and tracking systems. Experimental results
demonstrates that scene-adaptive scheme is reasonable and
necessary, and the proposed method contributes to an improve-
ment in both accuracy and speed in multi-tracking. Future work
will focus on learning more adaptive feature selection and more
discriminative target representation for better data association.
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