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Multiple People Tracking from 2D Depth Data
by Deterministic Spatiotemporal Data Association
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Abstract— This paper proposes a deterministic approach to
track people in a populated environment from 2D depth data
by a laser range finder attached on a mobile robot. This work
aims to improve robustness of multiple people tracking in the
presence of change of the number of people, missing data, and
long-term occlusions by using spatiotemporal data association.
The temporal data association method is based on the multi-
frame tracking (MFT) and the improved MFT (IMFT) is
proposed for enhancing computational efficiency in the long-
term occlusions. A spatial data association algorithm used a
matching algorithm from the leg history data for detecting a
human subject from leg tracks. The proposed methodology has
been assessed in the three walking patterns of two people and
compared with MFT and MHT methods.

I. INTRODUCTION

Tracking multiple people in populated environments is an
important technique for service robots in terms of allowing
long-term interaction with humans. For example, a service
robot should be able to track and follow a partner in an
interaction [1], and select a person who has the greatest
interest in the robot among people [2], [3]. In addition, the
history of behaviors of each person can be used to infer
semantic information of a human such as intentions or goals
[4], [5], [6].

Many critical issues for robust tracking have been ad-
dressed in previous works [7]. They are caused mainly by
occlusion, objects moving in/out of the scene, and densely
populated environments. In order to overcome these issues in
hardware-wise terms, previous works have employed multi-
ple sensors attached on a robot [3], [8], environment sensors
[9], and cooperation of multiple robots [10]. In recent years,
the advent of low-cost RGB-D cameras such as Microsoft
Kinect and ASUS Xtion allow to detect environment as 3D
point clouds in real-time. Despite rich information captured
by the sensor with high frequency, the relatively narrow and
limited view area needs to be compensated by other sensors
for service robots operating in wide working area; in turn, it
is required to use 2D Laser Range Finder as illustrated in Fig.
1. When there are multiple people walking around a robot,
a LRF at the bottom side of the robot, equipped for safety,
detects ankles of humans and tracks human candidates by
the two-leg positions. A RGB-D camera at the top side of
the robot can meanwhile find a human and his/her gestures
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Fig. 1. Range of LRF and Kinect sensors attached on a robot

to interact with among the candidates and track behaviors in
detail during the interaction.

In order for a robot to track multiple people robustly
by means of a LRF (URG-04LX, Hokuyo) attached on
the robot, this paper proposes a novel two-leg based de-
terministic tracking method to improve the performance in
three generally occurring cases in populated environments:
random movements, long-term occlusions, and a densely
distributed area. In the remainder of this paper, related
works involving model-based probabilistic approaches are
described in chapter II, and the concept of deterministic data
association method (MFT) is delineated in chapter III. The
temporal and spatial data association methods for tracking
people based on the two-leg data are presented in chapter
IV. Experiments involving the three aforementioned cases are
presented and the results are compared with other methods
in chapter V. Finally, a conclusion to this work is given in
chapter VL.

II. RELATED WORKS

In order to facilitate robust tracking of humans from
detected human legs by a laser scanner, previous works have
attempted to resolve several issues arising in real situations.
The first issue is involved with detecting humans. [8], [10]
used two-leg pattern models while [11], [12] detect one-leg
clusters and find a human with the spatial relation of two
legs. The measured leg or human positions, however, could
suffer from false or missing measurements due to noise and
errors in the previous step. This issue has been tackled by
several KF-based filtering methods with prediction models
or particle filtering without a model. The prediction model
for estimating human position is assumed by a constant
velocity model in many cases [6], [8], [10], [11], [15], [17],
while [9], [12], [16] applied a human walking model by
the dynamics of two legs. Employing certain assumptions
of moving patterns according to the space, the model of
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the environment can be applied to the prediction of human
positions [17].

The temporal data association between frames including
multiple objects encompasses issues of variable number of
tracks, initialization and termination of tracks, and false
matching. A basic and widely used method for the as-
sociation is the Nearest Neighbor (NN), wherein a new
object is matched to the closest object in the previous frame
within a particular region of interest. Many studies have used
this approach with specific filtering methods and prediction
models [6], [8], [9], [17]. However, if many objects are
distributed densely in the scene and the movements do not
correspond with the prediction models, the data association
methods should consider the possibility of false matching.
Joint Probabilistic Data Association Filter (JPDAF) and
Multi-Hypothesis Tracking (MHT) methods are probabilistic
approaches for temporal matching of objects according to
frames. They calculate the probability of each track for all
possible matches with a probability density function around
new points. Although JPDAF assumes a fixed number of
tracks [18], MHT extends to a variable number of tracks and
hence has been used in many applications of multiple people
tracking [11], [13], [15], [16]. On the other hand, several
deterministic approaches have been proposed for searching
optimal matches to minimize the correspondence cost, which
is formulated as a combinatorial optimization problem. [19]
proposed the Two Frame Matching (TFM) algorithm using
graph theory. The Greedy Optimal Assignment (GOA) al-
gorithm [20] enhanced the performance of finding optimal
associations to allow occlusion and detection errors in a
constant number of points. Shafique and Shah [21] proposed
the Multi-Frame Tracking (MFT) algorithm to improve track-
ing performance by considering point information in multi-
frames for a variable number of points.

Although the probabilistic approach has been applied
successfully in many tracking applications, it suffers from
some intractable problems. First, it requires assumptions
of a probability density function for all points, which do
not always hold, and the tracking performance is sensitive
to a number of parameters of the model. In addition, the
algorithm is computationally demanding, since the com-
plexity grows exponentially with the number of points.
These drawbacks require variable assumptions and models
to make the algorithm efficient in specific applications, and
the parameters should be tuned by experiments for the
given situation. [13] invested several models about occlusion,
deletion, new tracks, and false matching to find the best
model of MHT in pedestrian tracking.

In this paper, for people tracking in general situations,
i.e., densely populated, random walking, variable number
of humans, and allowing occlusion and detection errors, the
models of human movements and detected points need to be
eliminated as much as possible, parameters for the algorithm
should be minimized, and the developed method should be
able to operate in real-time. The following sections explain
the concept and processes of temporal data association using
Improved MFT (IMFT) and spatial data association using the
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history information of each leg track.

IIT. BACKGROUND : MUMTI-FRAME TRACKING

MFT is an efficient and robust data association method
based on the noniterative greedy algorithm [21]. The max-
imum matching algorithm among multi-frame data allows
corrections of existing correspondences, which compensates
occlusion and detection errors of points. Fig. 2 summarizes
the processes of MFT. In the first two frames, there are three
points each in the first frame(vyjvy2,v13) and in the second
frame(v1,Vv22,v23), respectively. Extension edges can then be
connected to all points between two frames, as seen in Fig.
2(a). Based on the weight values at each edge, the maximum
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Fig. 2. Processes of Multi-Frame Tracking algorithm
matching algorithm is performed to find optimal correspon-
dences, as indicated by the bold arrows in Fig. 2(b). When
points in a new frame come into the graph, the extension
edges are generated from all points in the existing k-frames,
as seen in Fig. 2(c). These extended edges could share points
with existing correspondences, which results in correction
edges and false hypotheses after maximum matching. Fig.
2(d) shows the correction edge(viz — v32) of the previous
correspondence(v3 —v»3), and the false hypothesis(vo3 —v33)
caused by the false correspondence(viz — v»3). Because the
false hypothesis is meaningless with the correction edge, it
is removed in the correspondences, as in Fig. 2(e). After
the deletion step, the remaining unconnected points perform
maximum matching between adjacent frames, as presented
in Fig. 2(f).

The purpose of the matching step is to find a set of edges
among extended edges to maximize the summation of cost
values. In addition, the selected edges should not share start
or end nodes with other edges. Fig. 3(a) is a bipartite graph of
the digraph in Fig. 2(c). The maximum weighted matching
algorithm can find correspondences where the sum of the
values of the edges have a maximum value without sharing
common points, as seen in Fig. 3(b).

The weight value of each edge represents the degree of the
association between two points. It can be defined as a real
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Fig. 3. Maximum weighted matching in a bipartite graph of multi-frame
leg points

value between 0 and 1 by any criteria pertaining to the rela-
tions. This allows the adoption of prediction models, filtering
methods, and even probabilistic assumptions. For example,
(1) is a gain function to represent the convex combination
of magnitude and orientation differences between estimated
and measured vectors [21]. x; is a point of a existing track,
and x, is a new point at the current frame. X] represents the
estimated position of a track, x;, at the new frame. S, and
Sy are the x,y sizes of the scene.

—
gain(x1,x) = [é + ﬁﬁ?] 1
= ( )
+(1-a) [1—‘“22:;” weloq]

The size of multi-frames, k, plays a role as a sliding window
in which all point histories of all tracks are extended to the
points in a new frame; this means corrections of existing
correspondences are possible in the window. If k is larger
than the occlusion time, the disappeared or mismatched
tracks can be recovered to the detected points after the
occlusion. However, because a longer window necessitates
a larger search space, the determined value of k should be
appropriate for real-time calculation.

IV. TWO-LEG BASED PEOPLE TRACKING
A. Processes and Anotation

The goal of people tracking is to find position histories of
tracks of people from 2D depth data at each time frame mea-
sured by LRF. In this research, we assumed a human on the
basis of two legs that are associated spatially for minimizing
detection error and acquiring the human orientation as well
as the positions of the two legs. Fig. 4 shows an example
of people tracking results. If there are leg tracks that are not
associated with others, they are regarded as not being human
subjects. The details of the procedures and annotations of
people tracking are depicted in Fig. 5.

The purpose of leg detection is to find points of leg
candidates (P) at each time step by checking the size of the
cluster, which is separated by the discontinuity condition.
The leg size is assumed to be between 7 cm and 30 cm,
and the discontinuity condition is (2). n is the size of
normalization of the distance in the cluster, which is set as
5 in this research. th. determines the size of depth in the
cluster, and is 10 cm in this research. This method is simple
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(a) 2D depth data (D")

(b) Results of people tracking

Fig. 4. An example of people tracking from laser scanned data
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Fig. 5. Processes and annotations of people tracking

and robust for clustering laser scanned data, and many works
have accordingly used variations of this method [6], [9], [11],
[12], [16].

n
\/(:l Z d,;j)z + (di+1)2 > th, )
j=1

The leg tracking is a process of temporal data association
for each point of leg candidates. The human detection
process entails establishing pairs of legs, which have close
spatial associations, based on the history information. The
human data including two individual leg histories can be

used to calculate the human position and orientation.

B. Temporal Data Association : Improved MFT

The temporal data association is based on MFT with
a modification of a sliding window in order to overcome
characteristics of leg data. The measured human legs are
frequently missed by occlusions due to another leg or
obstacles, and by detection errors or environment noise.
Occlusions normally cause longer missing time than that
induced by detection errors. Fig. 6(a) shows an example
of true tracks from frames 1 to 6. A relatively long edge
of vp1 —vgr occurs due to the occlusion, while short edges
(v22 — V41,13 — V31, V42 — Ve3) are caused by detection errors.
The short edges can be generated by correction edges. For
example, the wrong edge of vo2> —v31 in Fig. 6(b) is modified
to the correction edge of vy, —v4; by the extension edges in
Fig. 6(c). The initial wrong edge of v{3 —v»3 can be corrected
by backtracking in the reverse direction at the first k-frame
[21]. The long edge of vo; —vg; can be generated at frame
6 by extension of the terminal nodes of tracks, v, and new
points. This means the sliding window k should be large
enough to cover all the terminal nodes during the occlusion
time. However, it not only covers terminal nodes, but also
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connected nodes to make extensions to the new points, which
almost do not need to be corrected.
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(a) True tracks at 6-frame (b) Tracks at 3-frame
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Fig. 6. Multi-frame leg tracks with long-term and short-term occlusions

In order to tackle the long-term occlusion problem in
human leg tracking for real-time calculation, we introduced
two kinds of sliding windows, a short-term window, s-frame,
and a long-term window, /-frame. All the existing nodes in
s-frame can be extended while only terminal nodes in /-
frame can be extended to the new points. Only a few nodes
are terminal nodes in the long-term and the wrong edges
are corrected in the short-term; these two kinds of windows
make the algorithm more efficient and allow robust tracking
in a multi-frame sequence without increasing computational
complexity. Fig. 7 shows the effects of the improved MFT
with 5 of / and 3 of s.
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Fig. 7. An example of people tracking by improved MFT

In Fig. 7(a), the nodes out of s-window, except the terminal
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nodes (v21), which are gray points, do not generate extension
nodes to the points of frame 5. The terminal node (v71) in
the [-window can be extended to the new frame, as shown
in Fig. 7(c). The number of edges in the extension graphs
of Fig. 7 is substantially smaller than that of the extended
graph of MFT with the same [ window size.

C. Spatial Data Association : Maximum Matching based on
the Leg Histories

Each leg track contains trajectory information. At each
time frame, all leg tracks develop a graph including nodes
of tracks and edges of weight values between two tracks,
as seen in Fig. 8(a). After maximum weighted matching is
performed, pairs of two legs are associated to generate the
maximum value of total cost, as shown in Fig. 8(b).
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(a) Extension graph of leg tracks (b) Maximum matching

Fig. 8. Maximum weighted matching for spatial data association

Each leg track has a different start, end times, and duration,
as presented in Fig. 9.
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Fig. 9. Two leg tracks having different durations

In order to calculate the weight value between two leg
tracks, the weight value is defined by (3).

mjn(Tl'rTZ) ,)/’nax(ThTz)*k(l _ lelc_péH )

k=max(i. ) \/$2+82

3)

. oot
galn(t17t2) - max(Tl,Tg)

The weight is the average of the degree of closeness
between two tracks existing at the same time frames. y is a
forgetting factor that allows recent data to have greater effects
on the weight value than old data. This function reflects the
close spatial relation and historical contemporary of two legs
of a human.

V. EXPERIMENTS AND RESULTS

The proposed people tracking method was tested in three
experimental cases that occur generally and cause tracking
errors frequently. The tracking performance and computa-
tional time in these three cases were compared with those
of a deterministic method, MFT, and a probabilistic method,
MHT.
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A. Three Experimental Cases

1) A person randomly walking: This case tests tracking
of a human whose movements cannot be predicted. A human
is walking around the space randomly, as in Fig. 10(a), and
the legs occlude each other during natural walking.

2) A person circularly walking around another person:
When many people are walking in a space their legs occlude
each other, which causes long-term missing points. This case
was tested by a person walking around a standing person, as
in Fig. 10(b).

3) Two people walking cross each other: Legs of people
in a densely populated environment could be mismatched
relative to the true tracks. The two people cross paths very
closely two times, as in Fig. 10(c).

The leg data of the three cases were measured by the leg
detection process illustrated in Fig. 5 at every 100 ms for 20
seconds. IMFT, MFT, and MHT were performed as temporal
data association methods for tracking human legs and the
proposed spatial data association method was applied to the
three methods.

Two legs

A . .(EE}_>
. Two legs

@)
“@\1

= Two legs
. (G

.
LY

(c) Case 3: Two people walking cross each other

Fig. 10. Detected Leg points and tracks in the three cases

B. Results

In order to assess and compare performances of different
methods for multiple object tracking, CLEAR MOT metrics
were proposed by [22]. There are two metrics, multiple
object tracking precision (MOTP), which represents the
ability to estimate precise object positions, and multiple
object tracking accuracy (MOTA), which is defined to ac-
count for all object tracking errors over all frames. In this
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research, MOTP is ignored, because the ability of position
prediction is not our concern and it needs the truth position
of humans, which we cannot ascertain without other local-
ization devices. MOTA is defined as (4) by three parameters
at each time, missing tracks(m;), false positives(fp;), and
mismatches(mme;) to the ground truth(g;).

Y (m; + fp; +mme;)
Yo

1— “4)

TABLE I
RESULTS OF LEG TRACKING EVALUATION BY THE THREE METHODS FOR
THE THREE CASES

[ Model [ Case “ MT [ FP [ MM [ MOTA [ FPS ]
Random 37 0 0 0.815 16.7
IMFT | Circular 27 2 6 0.815 28.5
Cross 3 1 5 0.955 20
Random 38 0 0 0.81 18.1
MFT Circular 33 12 11 0.72 28.5
Cross 8 0 6 0.93 25
Random 40 0 0 0.8 12.1
MHT | Circular 35 16 5 0.72 15.2
Cross 10 2 8 0.9 17.3

Although sliding windows of larger size can improve the
tracking performances of IMFT and MFT, they were defined
as the largest values to real-time operation, over 10 fps.
For this test and comparison, the window of MFT, k, was
20, and the two windows of IMFT, [, s, were selected
as 50 and 12, respectively. The gain function of (1) for
the weights was used with a constant velocity assumption.
Table I shows the results of leg tracking evaluation by the
three aforementioned methods for the three cases. In all
the three cases, IMFT performs better than the other two
methods. Especially for the case 2, circularly walking, the
errors of IMFT is significantly less than the others, because
it can stand the long occlusion by the long window. The
two deterministic methods performs better in terms of the
computational load together with the tracking performance.

VI. CONCLUSIONS AND FURTHER WORKS

In this paper we presented a deterministic people tracking
methodology based on an Improved MFT (IMFT) as a
temporal data association technique and matching based on
the leg history data as a spatial data association technique.
Three difficult cases for tracking that frequently occur in pop-
ulated environments have been proposed and experimented
to assess the performance of the proposed tracking method
in comparison with MFT and MHT. The results showed that
the IMFT performs better than the other methods and also
provides higher efficiency. This stems from the multi-frame
association allowing corrections and extensions in the long-
term data missing cases by a sliding window that is relatively
larger than the occlusion time.

However, the proposed method was evaluated only in
three representative cases involving two people without any
other objects. Although the deterministic method has fewer
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parameters than probabilistic methods, the number of points
that can be tracked in real-time should be verified. In
addition, the 2D depth data for detecting human legs may not
be sufficient to track people in some cases such as subjects
standing side by side with duplicated legs or where the lower
body is occluded by objects. This deterministic approach for
tracking can be extended with other sensor data.
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