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Abstract. With a growing number of robots deployed in populated environments,
the ability to detect and track humans, recognize their activities, attributes and social
relations are key components for future service robots. In this article we will con-
sider fundamentals towards these goals and present several results using 2D range
data. We first propose a learning method to detect people in sensory data based on a
set of boosted features. The method largely outperforms the state of the art that typ-
ically relies on hand-tuned classifiers. Then, we present a person tracking approach
based on the detection and fusion of leg tracks. To deal with the frequent occlusion
and self-occlusion of legs, we extend a Multi-Hypothesis Tracking (MHT) approach
by the ability to explicitly reason about and deal with adaptive occlusion probabil-
ities. Finally, we address the problem of tracking groups of people, a first step to-
wards the recognition of social relations. We further extend the MHT approach by
a multiple model hypothesis stage able to reflect split/merge events in group forma-
tion processes. The proposed extension is mathematically elegant, runs in real-time
and further allows to accurately estimate the number of people in each group. The
article concludes with prospects and suggestions for future research.

1 Introduction

In many applications, service robots share their space with people. This makes peo-
ple detection and tracking, navigation in populated environments, and human-robot
interaction key problems in the context of this book.
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The problem statement of people detection is to identify which sensor readings
originate from humans and which measurements belong to other dynamic objects,
background, or clutter. The problem statement of tracking is – based on detection
hypotheses – to estimate position and motion state of people, robustly handle occlu-
sions, and to correctly associate measurements to tracks accounting for false alarms
and newly arriving targets. Traditionally, target tracking has been studied for air-
or water-borne targets using radar or sonar. In this article, we address the prob-
lem of people tracking in range data as most service robots are equipped with laser
range finders. Range as a sensor modality has a number of important advantages that
makes it an appropriate choice for service robots in real-world applications. Unlike
cameras, range finders provide accurate and robust depth information with high res-
olution. They are reliable under a wide range of lighting conditions and have a large
field of view. Finally, and especially in situations with little light, range finders are
robust against vibrations from a moving vehicle.

In the first section of the article we consider the problem of people detection in 2D
range data using a boosted classifier for segments of adjacent laser points [1]. The
positively predicted segments are considered to be human legs, and each segment
is treated as a single leg measurement by the tracking system. The tracker, which
is presented in the second section, uses assignment solving to either associate these
legs with existing tracks, or to label them as new tracks or false alarms. Tracks that
are not matched by observations are labeled as occluded or deleted. The probability
of a global assignment is computed as the product of the likelihoods of the individual
assignments of all tracks and measurements [2].

We employ the Multiple-Hypothesis Tracking framework by Reid [3] to increase
tracking robustness: by not only assuming the most likely assignment as the correct
one but explicitly maintaining the n-best solutions, data association decisions are inte-
grated over time. The leg tracks are then assembled to person tracks by using a simplis-
tic person model. This allows the tracker to account for the increased self-occlusion
probability of the associated leg tracks. This way, robust tracking is achieved.

If many people are present in an environment, tracking individuals can become
a very difficult task. Both detection and data association of people is becoming in-
creasingly hard in densely crowded environments. Further, in many applications of
service robots, people are encountered in groups and not as individuals. This raises
a different perspective and motivates tracking of groups of people. Tracking groups,
subsuming the state of several people into a single group state, greatly simplifies
data association and allows to recognize interrelationships between people. The lat-
ter point is crucial for effective and socially compliant robot behavior, for instance,
when approaching and addressing groups or when moving among groups. Social
relations of people cannot be perceived directly by the sensors of a robot. How-
ever, according to the Proxemics theory by Hall [4], their relations are correlated
with spatial distance during interaction, which is observable for the robot. The third
section in this article presents an approach to track the joint state of each group of
people and follows group formation processes over time [5]. This way information
about their social relation can be recovered robustly even during difficult situations,
e.g., when people from different groups come very close.
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2 Leg Detection in 2D Range Data

In this section, we consider the problem of people detection from data acquired with
laser range finders. The application of such sensors for this task has been popular
in the past for the above mentioned reasons—accuracy and robustness over a wide
range of ambient conditions. However, laser range data contain little information
about people, especially because they typically consist of two-dimensional range
information. Figure 1 shows an example scan from a cluttered office environment.
While this scan was recorded, several people walked through the office. The scan
suggests that in cluttered environments, people detection in 2D is difficult even for
humans. However, at a closer look, range measurements that correspond to humans
have certain geometrical properties such as size, circularity, convexity or compact-
ness (see Figure 2). The key idea of our approach is to determine a set of meaningful
scalar features that quantify these properties and to use supervised learning to create
a people detector with the most informative features. In particular, it employs Ad-
aBoost as a method for selecting the best features and thresholds, while at the same
time creating a classifier using the selected features.

In the past, many researchers focused on the problem of tracking people in range
scans. One of the most popular approach in this context is to extract legs by detect-
ing moving blobs that appear as local minima in the range image [6, 7, 8, 9]. To this
end, two types of features have been quite popular: motion and geometry features.
Motion in range data is typically identified by subtracting two subsequent scans. If
the robot is moving itself, the scans have first to be aligned, e.g., using scan match-
ing. The drawback of motion features is that only moving people can be found. Topp
and Christensen [10] extend the method of Schulz et al. [9] by the ability to track
also people standing still, which, for instance, is useful for interaction. They report
on good results in typical scenarios but also on problems in cluttered environments.
They also conclude that either improved motion models or more advanced pattern
detection of people are necessary.

Cui et al. [11] pursue a multi-sensor approach to people tracking using multi-
ple laser scanners at foot height and a monocular camera. After registration of the
laser data they extract moving blobs of 15 cm diameter as feet candidates. Two feet
candidates at a distance of less than 50 cm are treated as a step candidate.

Geometric features have also been used by Xavier et al. [12]. With a jump dis-
tance condition they split the range image into clusters and apply a set of geometric
rules to each cluster to distinguish between lines, circles and legs. A leg is defined
as a circle with an additional diameter condition.

In all approaches mentioned above, neither the selection of features nor their
thresholds are learned or determined other than by manual design and hand-tuning.
This motivates the application of a learning technique.

Hähnel et al. [13] have considered the problem of identifying beams in range
scans that are reflected by dynamic objects. They consider the individual beams
independently and apply EM to determine whether or not a beam has been reflected
by a dynamic object such as a person. Our method, in contrast, considers groups of
beams and classifies the entire groups according to their properties.
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Fig. 1 Where are the people? Example scan from a typical office.

Fig. 2 Typical range readings from legs of people. As can be seen, the appearance can change
drastically, also because the legs cannot always be separated. Accordingly, the proper classi-
fication of such pattern is difficult.

AdaBoost has been successfully used as a Boosting algorithm in different ap-
plications for object recognition. Viola and Jones [14] boost simple features based
on grey level differences to create a fast face classifier using images. Treptow et
al. [15] use the AdaBoost algorithm to track a ball without color information in
the context of RoboCup. Further, Martı́nez Mozos et al. [16] apply AdaBoost to
create a classifier able to recognize places in 2D maps. They use a set of geomet-
rical features extracted from range data as input for the boosting algorithm. Also
Rottmann et al. [17] use geometrical features together with vision features as input
for AdaBoost. The vision features are based on the number of certain type of objects
detected in an image.

Our motivation is the belief that the definition of appropriate features for the
detection of people in range data has been underestimated as a problem so far. In
the context of people tracking, the focus has mostly been on the tracking algorithms
rather than on the feature detection problem. We believe that a more reliable feature
detection will ultimately improve tracking performance.
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2.1 Boosting

Boosting is a general method for creating an accurate strong classifier by combin-
ing a set of weak classifiers. The requirement to each weak classifier is that its
accuracy is better than a random guessing. In this work we use the AdaBoost al-
gorithm introduced by Freund and Schapire [18]. The input to the algorithm is a
set of labeled training data (en, ln),n = 1, . . . ,N, where each en is an example and
ln ∈ {+1,−1} indicates whether en is positive or negative respectively. In a series
of rounds t = 1, . . . ,T , the algorithm repeatedly selects a weak classifier ht(e) using
a weight distribution Dt over the training examples. The selected weak classifier
is expected to have a small classification error in the weighted training examples.
The idea of the algorithm is to modify the distribution Dt at each round: it increases
the weights of the examples which were incorrectly classified by the previous weak
classifier. The final strong classifier H is a weighted majority vote of the T best
weak classifiers. Large weights are assigned to good weak classifiers whereas poor
ones receive small weights.

We use the approach presented by Viola and Jones [14] in which the weak clas-
sifiers depend on single-valued features f j and have the form

h j(e) =

{
+1 if p j f j(e)< p jθ j

−1 otherwise,
(1)

where θ j is a threshold and p j is either +1 or−1 and thus represents the direction of
the inequality. In each round t of the algorithm, the values for θ j and p j are learned,
so that the misclassification in the weighted training examples is minimized [16].
The final AdaBoost algorithm modified for the concrete task of leg-detection in
range data is shown in Table 1.

Table 1 The generalized AdaBoost algorithm

• Input: Set of examples (e1, l1), . . . , (eN , lN), where ln =+1 for positive examples and ln =−1
for negative examples.

• Initialize weights D1(n) =
1
2a for ln = +1 and D1(n) =

1
2b for ln = −1, where a and b are

the number of positive and negative examples respectively.
• For t = 1, . . . ,T :

1. Normalize the weights: Dt(n) =
Dt (n)

∑N
i=1 Dt (i)

.

2. For each feature f j train a weak classifier h j using Dt .
3. For each h j calculate: r j = ∑N

n=1 Dt(n)lnh j(en),
where h j(en) ∈ {+1,−1}.

4. Choose h j that maximizes |r j| and set (ht , rt) = (h j , r j).
5. Update the weights: Dt+1(n) = Dt(n)exp(−αt lnht(en)),

where αt =
1
2 log( 1+rt

1−rt
).

• The final strong classifier is given by: H(e) = sign(F(e)),
where F(e) = ∑T

t=1 αt ht(e).
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2.2 Feature Definitions

In this section we describe the segmentation method and the features used in our
system. We assume that the robot is equipped with a range sensor that delivers ob-
servations Z = {b1, ...,bL} that consist of a set of beams. Each beam b j corresponds
to a tuple (φ j,ρ j), where φ j is the angle of the beam relative to the robot and ρ j is
the length of the beam.

The beams in the scan Z are split into subsets of beams based on a segmentation
algorithm. In our current system, we use a jump distance condition to compute the
segmentation: If two adjacent beams are farther away than a threshold distance,
a new subset is initialized. Although one could easily imagine more complex or
adaptive thresholds (see the work by Premebida and Nunes [19] for an overview),
we found in our experiments that the jump distance condition yields segmentations
that can readily be processed by the subsequent learning step.

The output of the partitioning procedure is an ordered sequence P =
{S1,S2, ...,SM} of segments such that

⋃
Si = Z. The elements of each segment

S = {x1,x2, ...,xn} are represented by Cartesian coordinates x = (x,y), where x =
ρ cos(φ) and y = ρ sin(φ), and (φ ,ρ) are the polar coordinates of the corresponding
beam.

The training examples for the AdaBoost algorithm are given by a set of segments
together with their labels

E = {(Si, li) | li ∈ {+1,−1}},

where li = +1 indicates that the segment Si is a positive example and li = −1 indi-
cates that the segment Si is a negative example. Note that the standard AdaBoost al-
gorithm is a binary classifier only. In situations,F in which there are different objects
to be classified, one could learn decision lists as successfully applied by Martı́nez
Mozos et al. [16] in the context of place labeling with mobile robots.

We define a feature f as a function f : S → ℜ that takes a segment S as an
argument and returns a real value. Here, S is the set of all possible segments. For
each segment Si we determine the following fourteen features:

1. Number of points: n = |Si|.
2. Standard deviation: This feature is given by

σ =

√
1

n− 1 ∑
j

||x j− x̄||2,

where x̄ denotes the center of gravity of a segment Si.
3. Mean average deviation from median: This feature is designed to measure the

segment compactness more robustly than the standard deviation. The median
of a distribution f (x) is the value where the cumulative distribution function
F(x) = 1/2. Given an ordered set of K scalar random samples xi the median x̃
is defined as
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x̃ =

{
x(K+1)/2 if K is odd
1
2 (xK/2 + xK/2+1) if K is even

Opposed to the mean, the median is less sensitive to outliers. In our multi-
dimensional case, we calculate x̃ using the vector-of-medians approach [20],
i.e. x̃ = (x̃, ỹ). The average deviation from the median is then

ς =
1
n ∑

j
||x j− x̃||

4. Jump distance from preceeding segment: This feature corresponds to the Euclid-
ian distance between the first point of Si and the last point of Si−1.

5. Jump distance to succeeding segment: The Euclidian distance between the last
point of Si and the first point of Si+1.

6. Width: This feature measures the Euclidian distance between the first and last
point of a segment.

7. Linearity: This feature measures the straightness of the segment and corre-
sponds to the residual sum of squares to a line fitted into the segment in the
least squares sense. Given the segment points in polar coordinates xi = (φ ,ρ),
fitting a line in the Hessian (α,r)-representation that minimizes perpendicular
errors from the points onto the line has a closed form solution. We use the (un-
weighted) expressions from [21]. Once the line parameters (α,r) are found, the
residual sum of squares is calculated as

sl = ∑
j
(x jcos(α)+ y jsin(α)− r)2,

where x j = ρ jcos(φ j) and y j = ρ jsin(φ j).
8. Circularity: This feature measures the circularity of a segment. Like for the

previous feature, we sum up the squared residuals to a fitted circle. Given a
set of points in Cartesian coordinates, an elegant and fast way to find the best
circle in the least squares sense is to parameterize the problem by the vector of
unknowns as x = (xc yc x2

c + y2
c − r2

c)
T where xc, yc and rc denote the circle

center and radius. With this, the overdetermined equation system A · x = b can
be established,

A =

⎛

⎜
⎜
⎜
⎝

−2x1 −2y1 1
−2x2 −2y2 1

...
...

...
−2xn −2yn 1

⎞

⎟
⎟
⎟
⎠

b =

⎛

⎜
⎜
⎜
⎝

−x2
1− y2

1
−x2

2− y2
2

...
−x2

n− y2
n

⎞

⎟
⎟
⎟
⎠

and solved using the pseudo-inverse

x = (AT A)−1AT ·b.

The residual sum of squares is then
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sc =
n

∑
i=1

(rc−
√

(xc− xi)2 +(yc− yi)2)2.

This parameterization of the least squares problem has better geometric prop-
erties than the approach used by Song et al. [22]. When geometry plays a role
in fitting (opposed, e.g., to regression in statistics), care has to be taken what
errors are minimized. Otherwise algebraically correct but geometrical useless
least squares fits can be the result.

9. Radius: This feature is the radius rc of the circle fitted to the segment. It corre-
sponds to an alternative measure of the size of a segment Si.

10. Boundary length: This feature measures the length

l = ∑
j

d j, j−1

of the poly-line corresponding to the segment, where d j, j−1 = ‖x j−x j−1‖ is the
distance between two adjacent points in the segment.

11. Boundary regularity: Here we calculate the standard deviation of the distances
d j, j−1 of adjacent points in a segment.

12. Mean curvature: The average curvature k̄ = ∑ k̂ j over the segment Si is calcu-
lated using the following curvature approximation. Given a succession of three
points xA, xB, and xC, let A denote the area of the triangle xAxBxC and dA,
dB, dC the three distances between the points. Then, an approximation of the
discrete curvature of the boundary at xB is given by

k̂ =
4A

dAdBdC
.

This is an alternative measurement of rc as curvature and radius are inverse
proportional.

13. Mean angular difference: This feature traverses the boundary and calculates the
average of the angles β j between the vectors x j−1x j and x jx j+1 where

β j = � (x j−1x j,x jx j+1).

Care has to be taken that angle differences are properly unwrapped. This fea-
tures is a measure of the convexity/concavity of segment Si.

14. Mean speed: Given two scans with their associated timestamps Tk,Tk+1, this
feature determines the speed v j for each segment point along its beam,

v j =
ρk+1

j −ρk
j

Tk+1−Tk
,

and averages over all beams in the segment. ρk
j and ρk+1

j are the range values of
beam j at times k and k+ 1.
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This collection of features constitutes a profile of each segment (see Figure 3). Since
certain features are not defined for less than three points (e.g., circularity, radius)
only segments with n > 2 points are taken into account.

2.3 Experimental Evaluation

The approach presented above has been implemented using a 180 degree SICK laser
range finder. The goal of the experiments is to demonstrate that our simple features
can be boosted to a robust classifier for the detection of people. Throughout the
experiments, the sensor was kept stationary and mounted 30 cm above the floor.
The corresponding scans where segmented and the features described in Section 2.2
were calculated for each segment. The complete set of labeled segments was then
divided randomly into a training and a test set, each containing approximately 50%
of the segments. The training sets were employed for learning a strong classifier
using AdaBoost, whereas the test set was used for the evaluations. The segments in
the test sets were labeled manually as person or non-person. With the help of videos
recorded during the experiment, the ground truth could be properly identified.

We first demonstrate how our classifier can be learned to detect people in two
different environments, namely a corridor and an office. Additionally we analyze
whether a common classifier can be used in both environments. Further we show

Fig. 3 Laser segment with its feature profile. The highlighted points correspond to the seg-
ment and the crosses depicts other readings in the scan. The circle and line are fitted to the
segment for the linearity and circularity features.
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Fig. 4 The corridor (left) and office (right) environments in which the experiments were
carried out.

how a classifier can be used to classify people in environments for which no training
data were available. We also compare our results with the ones obtained using a
heuristic approach which uses features frequently found in the literature about laser-
based people tracking. In all these experiments we applied features #1 to #13 from
Section 2.2. In a final experiment we repeat the training and classification steps
using also the motion feature #14.

One important parameter of the AdaBoost algorithm is the number of weak clas-
sifiers T used to form the final strong classifier. We performed several experiments
with different values for T and we found that T = 10 weak classifiers provide the
best trade-off between the error rate of the classifier and the computational cost of
the algorithm.

2.3.1 Corridor and Office Environments

In the first experiment we recorded a total of 540 scans in a corridor while a person
was both moving and standing still (Figure 4 left). Each scan was divided into seg-
ments and for each segment features #1 to #13 were calculated. The total number of
segments extracted was 5734. After dividing the segments into a training and a test
set, we trained our AdaBoost classifier. The results from the test set are shown in
Table 2. Only 1 from 240 segments (0.42%) corresponding to people was misclas-
sified (false negatives), whereas 27 from 2589 segments (1.03%) not corresponding
to a person were classified as people (false positives). These results show that our
algorithm can detect people with high accuracy.

In a second experiment we placed the laser in an office that contained tables,
chairs, boxes, round shaped trash bins, and other furniture, creating a cluttered en-
vironment. Figure 4 (right) shows a picture and Figure 1 depicts a scan taken in this
office. Two people were in the room during the experiment. Like in the previous
experiment, the people were moving and occasionally standing still. A total of 791
scans were recorded from which we extracted 13838 segments. The segments were
divided into a training and a test set and a strong classifier was learned. Although
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the office was cluttered with objects and furniture that strongly resemble features of
legs, we still obtained an overall classification rate of 97.25%. The confusion matrix
is shown in Table 3.

In a third experiment we created a common set of segments containing all the
segments from both the corridor and the office environment. Again, the set was
divided into a training and a test set. Table 4 shows the confusion matrix. Although
the error rates slightly increase with respect to Tables 2 and 3, they still remain
under 4%, which in our opinion is a fairly good level. This result demonstrates that
a common classifier can be learned using both environments while still obtaining
good classification rates.

2.3.2 Transferring the Classifiers to New Environments

The following experiment was designed to analyze whether a classifier learned in
a particular environment can be used to successfully detect people in a new envi-
ronment. To carry out this experiment we trained AdaBoost using the training set
from the office environment. We then classified the test set from the corridor sce-
nario. Table 5 shows the results of this classification. As expected, the errors increase
compared to the situation in which the training and the test data were from the same
domain. Even in this case, the classification rates remain above 90%. This indicates
that our algorithm yields good generalizations and can also be employed for people
detection in new environments.

2.3.3 Comparison with a Heuristic Approach

To analyze how much can be gained by our learning approach we compared the clas-
sification results of our AdaBoost-based classifier with the results obtained using a
manually designed classifier that employs features frequently found in the literature

Table 2 Confusion matrix for the corridor environment

Detected Label
True Label Person No Person Total

Person 239 (99.58%) 1 (0.42%) 240
No Person 27 (1.03%) 2589 (98.97%) 2616

Table 3 Confusion matrix for the office environment

Detected Label
True Label Person No Person Total

Person 497 (97.45%) 13 (2.55%) 510
No Person 171 ( 2.73%) 6073 (96.26%) 6244
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about laser-based people tracking. This classifier uses the following list of features
and thresholds:

• Jump distance between adjacent beams for local minima extraction (features #4
and #5). The threshold for both features has been set to 30 cm.

• Segment width (feature #6). The corresponding thresholds derive from the task:
Local minima blobs greater than 5 cm and smaller than 50 cm are accepted.

• Minimum number of points (feature #1). Segment with fewer than four points
are discarded.

• Motion of beams (feature #14). Two consecutive scans are aligned and beam-
wise subtracted from each other. Segments that contain beams which moved
more than a certain distance are classified as people. This minimal distance was
set to 2 cm, close above sensor noise.

• Standard deviation as a compactness measure of a segment (feature #2). The
threshold was experimentally determined and set to 0.5 meter.

For this experiment we use the test set of the experiment explained is Section 2.3.1
where segments from the corridor and office were used together as examples. The
results of the classification are shown in Table 7. As the results indicate, our ap-
proach yields much better results than the heuristic approach.

2.3.4 Adding the Motion Feature

In the previous experiments, only the first thirteen geometrical features were used.
We additionally performed experiments after we added the motion feature #14. All
scans from the corridor and the office runs were used for training and classifica-
tion. The results are contained in Table 8. As can be seen, there is only a marginal
improvement over the classifier without the motion feature (Table 4). Although the
motion feature receives relatively high weight (it is ranked as the third most infor-
mative feature), this marginal improvement is simply an expression of the fact that
people do not always move. People should be and – as this experiment demonstrates
– can be detected without the use of motion information.

Table 4 Confusion matrix for both environments

Detected Label
True Label Person No Person Total

Person 722 (96.27%) 28 (3.73%) 750
No Person 225 (2.54%) 8649 (99.88%) 8860

Table 5 Results obtained in the corridor environment using the classifier learned in the office

Detected Label
True Label Person No Person Total

Person 217 (90.42%) 23 (9.58%) 240
No Person 112 (4.28%) 2504 (95.72%) 2616
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Table 6 The best five features for each classifier

Environment Five Best Features
Corridor 9, 4, 5, 2, 4
Office 9, 13, 3, 4, 5
Both 9, 13, 4, 3, 5

Table 7 Comparison with the heuristic approach

Heuristic Approach AdaBoost
False Negatives (%) 34.67 3.73
False Positives (%) 9.06 2.54
Overall Error (%) 11.06 2.63

Table 8 Classification errors after adding the motion feature

Without Motion Feature With Motion Feature
False Negatives (%) 3.73 3.47
False Positives (%) 2.54 3.13

Total Error (%) 2.63 3.15

2.3.5 Best Features for People Detection

As we use AdaBoost here as an offline method, that is, a technique that is run once
and not on-the-fly on the robot, the question is: What are the best features for peo-
ple detection in range data? The answer can be obtained from the importance of
the individual feature weights in the final strong classifier. Table 6 lists the five best
features for each AdaBoost classifier trained in the corridor, office and both environ-
ments respectively. Note that sometimes the same features occurs more than once in
a classifier. In this case, they differ in their threshold and/or weight values.

It is interesting to interpret this outcome: The most informative feature is the
radius of the circle fitted into the segment (feature #9). Note that this feature does not
measure the degree of circularity (as feature #8) but is an alternative size estimate,
apparently better than feature #6 (width). The mean angular difference (feature #3)
is the second most important feature and quantifies the convexity of the segment. It
is followed by the two jump distances (features #4 and #5) that we already know as
the most popular detection features for local minima. Finally there are features #2
and #3 that both measure the compactness of the segment where feature #3 seems
to be preferred. The reason for this is likely to be the more robust properties of the
mean absolute deviation from the median over the simple standard deviation.

2.4 Summary

In this section, we addressed the problem of detecting people in laser range data. In
contrast to previous approaches, which typically used manually tuned features and
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thresholds, our approach applies the AdaBoost algorithm to learn a robust classifier.
This classifier is created from a set of simple features that encode the geometry and
statistics of a group of laser points and predicts if the points correspond to legs of
people. The method has been implemented and applied in cluttered office environ-
ments. In practical experiments carried out in different environments we obtained
encouraging detection rates of over 90%.

From the features selected by AdaBoost we can conclude that the shape of people
in range data is best recognized by a radius feature, a convexity feature, a local
minimum feature and a robust compactness feature (see Table 6).

3 Leg-Based People Tracking

Given the detection of legs of people in range data as presented in the previous
section, we now address the tracking problem. In most related work on laser-based
people tracking [23, 6, 7, 9, 10, 11, 24, 25, 26], a person is represented as a single
state that encodes torso position and velocities. Clearly, the appearance of people in
laser range data depends on the mounting height of the sensor: at hip height a human
torso is typically seen as a single local-minimum blob, while at foot height, legs
produce separate, fast-moving smaller blobs. In practice, the mounting height of the
sensor is often constrained by the application or the robot’s form factor and not only
by the researcher to suit the needs of a tracking algorithm. Safety regulations, for
instance, require laser scanners to be mounted at foot height. At this height, single
blobs are poor models for the appearance of people which motivates leg tracking
as an approach to laser-based people tracking. Accordingly, the problem of people
tracking has recently been addressed as a leg tracking problem [27, 28] where people
are represented by the states of two legs, either in a single augmented state [28] or
as a high-level track to which two low-level leg tracks are associated [27].

Multi-hypothesis tracking (MHT) [3, 29] belongs to the most general data asso-
ciation techniques as it produces joint compatible assignments, integrates them over
time, and is able to deal with track creation, confirmation, occlusion, and deletion.
Other multi-target data association techniques such as the nearest neighbor filter, the
track splitting filter, or the JPDAF are less powerful or sub-optimal in nature [30].

In the context of people tracking with laser range finders, Taylor et al. [27] em-
ploy an MHT to resolve ambiguities in the problem of fitting a walking person into
two leg measurements. The authors use a geometric occlusion model to decrease the
detection probability if an occlusion is to be expected. Mucientes et al. [26] cluster
people into groups and utilize an MHT to handle the assignments of measurements
to single tracks and clusters. Given the high-level concept of groups, additional as-
signments of measurements to tracks within groups become possible for which the
authors derive appropriate probabilities.

As mentioned before, the people tracking technique described here builds upon
the leg detection described in Section 2. The proposed approach tracks legs of peo-
ple and utilizes a multiple hypothesis tracking technique for data association. Op-
posed to most related work in the laser-based people tracking literature, we address
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the problem of tracking legs that are measured individually. Based on the result-
ing leg tracks, we create person tracks using the multivariate weighted mean if two
tracks are sufficiently close and move in the same direction for a certain time frame.
Once a person track has been validated over time, we adapt the individual occlusion
probabilities of both associated leg tracks to account for the fact that legs frequently
occlude each other. To this end, we extend the MHT framework to explicitly take
into account potential occlusions by introducing adaptive conditional assignment
probabilities.

3.1 The KF-Based Tracker

This section describes the KF-based multi-target tracker that is used to track legs of
people. We briefly go through the tracking cycle. For the details of Kalman filtering
and target tracking the reader is referred to Bar-Shalom and Li [30].

State prediction. A leg track is represented as x = (x,y,vx,vy) where x and y are
the track position and vx and vy the x and y components of the track velocity. With
this state representation new tracks can be properly initialized with vx = vy = 0. For
motion prediction, a constant velocity model is employed.

Measurement prediction. As the x- and y-coordinates of a track are directly ob-
servable, the 2× 4 measurement matrix H is formed by the 2× 2 identity matrix in
x and y and the 2× 2 zero matrix in vx and vy.

Observation. The observation step consists in detecting people in range data.
The problem can be seen as a classification problem that consists in finding those
laser beams that correspond to people and to discard other beams. Typically, hand
designed classifiers have been employed for this task with a manual selection of
features and thresholds. In this work, we use the approach described in Section 2 to
detect legs from laser data.

The observation step delivers the set of observations (or measurements) zk =

{z1
k ,z

2
k , . . . ,z

Mk
k } at time index k. Mk denotes the current number of measurements.

Data association. For data association we employ a modified MHT approach
described in the sections hereafter.

Estimation. Given that both, the state and measurement prediction models are
linear, a (non-extended) Kalman filter as the optimal estimator under the Gaussian
assumption can be employed.

3.2 The Multi-Hypothesis Leg Tracker

In this section we review the MHT as described in the two papers by Reid [3] and
Cox et al. [29]. In summary, the MHT hypothesizes about the state of the world by
considering all statistically feasible assignments between measurements and tracks
and all possible interpretations of measurements as false alarms or new tracks and
tracks as matched, occluded or obsolete. A hypothesis Ω k

j is one possible set of
assignments and interpretations at time k.

In the original paper by Reid [3] measurements are interpreted as matches with
existing tracks, new tracks, or false alarms. Tracks are interpreted as detected (when
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Table 9 Example of an assignment.

x1 x2 xnt x f a

z1 0 0 1 0
z2 1 0 0 0

zdel 0 1 0 0

they match with a measurement) or not detected. Deletions of tracks are not handled
by the MHT but by a heuristics based on sequences of consecutive non-detections.
Cox et al. [29] extend this framework with the interpretation of tracks as deleted.
Thereby, the MHT handles the entire life-cycle of tracks from creation over match-
ing to termination. Occlusions are considered as simultaneous non-detection and
non-deletion events.

In order to adapt the occlusion probability of individual leg tracks, it is necessary
to reconsider the derivation of the hypothesis probabilities in the MHT, especially
the assignment set probabilities. Let Ω k

j be the j-th hypothesis at time k and Ω k−1
p( j)

the parent hypothesis from which Ω k
j was derived. Let further Ψj(k) denote a set of

assignments that, based on the parent hypothesis Ω k−1
p( j) and the current measurement

zk, gives rise to Ω k
j .

The assignment set Ψj(k) associates each measurement either to an existing track,
a false alarm, or a new track and marks a track as detected or deleted. Assignment
sets are best visualized in matrix form such as the example in Table 9 that shows a
set of assignments of tracks x1,x2 with measurements z1 and z2. An assignment is
denoted by a non-zero entry in the matrix. The example shows a situation in which
track x1 is assigned to measurement z2, track x2 is scheduled for deletion, and mea-
surement z1 is interpreted as a new track. There are as many possible assignment
sets Ψj(k) as we can distribute 1’s and 0’s over such matrices under the constraints
of unique measurement-to-track associations and that the only zero-valued rows and
columns can belong to the events deletion, new track, and false alarm. An assign-
ment set has a probability that is determined by the probabilities of these events and
the probability of a specific distribution of 1’s and 0’s.

Given an assignment set probability and the probability of the parent hypothesis
Ω k−1

p( j), we can calculate the probability of each child hypothesis that has been created

as Ψj(k). This calculation is done recursively [3]:

p(Ω k
j |zk) = p(Ψj(k),Ω k−1

p( j) |zk)

Bayes+
=

Markov
η p(zk|Ψj(k),Ω k−1

p( j))p(Ψj(k)|Ω k−1
p( j)) · p(Ω k−1

p( j)). (2)

The rightmost term on the right-hand side is the recursive term, that is, the probabil-
ity of its parent. Factor η is a normalizer. The leftmost term on the right-hand side
after the normalizer η is the measurement likelihood. We assume that a measure-
ment zi

k associated to a track x j has a Gaussian pdf centered around the measurement

prediction ẑ j
k with innovation covariance matrix S i, j

k , N (zi
k) := N (zi

k ; ẑ j
k,S i, j

k ). We
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further assume the pdf of a measurement belonging to a new track or false alarm
being uniform in the observation volume V (the field of view of the sensor) with
probability V−1. Thus

p(zk|Ψj(k),Ω k−1
p( j)) =

Mk

∏
i=1
N (zi

k)
δiV 1−δi

= V−(Nfal+Nnew)
Mk

∏
i=1
N (zi

k)
δi (3)

with Nfal and Nnew the number of measurements labeled as false alarms and new
tracks respectively. δi is an indicator variable being 1 if and only if measurement i
has been associated to a track, 0 otherwise.

The central term on the right-hand side of Equation (2) is the probability of an
assignment set, p(Ψj(k)|Ω k−1

p( j)), which is composed of three terms:

1. The probability of the number of tracks Ndet, Nfal, Nnew with a certain label. In
Reid’s case, with tracks being either labeled detected or not detected, the number
of detected tracks Ndet given the total number of tracks in the parent hypothesis,
N, follows a binomial distribution

p(Ndet|Ω k−1
p( j)) =

(
N

Ndet

)

pNdet
det (1− pdet)

(N−Ndet) (4)

Assuming that the number of false alarm and the number of new tracks both
follow a Poisson distribution with expected number of events λfalV and λnewV in
the observation volume V respectively, we obtain

p(Ndet,Nfal,Nnew|Ω k−1
p( j)) =

(
N

Ndet

)
pNdet

det (1− pdet)
(N−Ndet) ·μ(Nnew;λnewV ) ·μ(Nfal;λfalV ) (5)

where μ(n;λV ) is the Poisson distribution for n events when the average rate of
events is λV .

2. The probability of a specific assignment of measurements so that Mk = Ndet +
Nfal +Nnew holds. The probability is determined as 1 over the number of combi-
nations which is

(
Mk

Ndet

)(
Mk−Ndet

Nfal

)(
Mk−Ndet−Nfal

Nnew

)

(6)

where the last term equals 1.
3. The probability of a specific assignment of tracks given that a track can either be

detected or not detected. The probability is determined as 1 over the number of
these assignments

N!
(N−Ndet)!

(
N−Ndet

Ndet

)

. (7)
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The first term follows from the combinatorial fact, that a track can be chosen
only once and the track-to-measurement order matters.

It is noteworthy (and one of the key contributions of Reid [3]) that in the product
of these three probabilities many terms cancel out, and substituted into the Equa-
tion (2), the final probability p(Ω k

j |zk) becomes a simple and easy to calculate ex-
pression independent of the observation volume V .

3.3 Person Tracking and Occlusion Adaptation

The tracking system presented in the previous sections maintains N tracks that corre-
spond to human legs. Only on the level of these N tracks, we reason on the existence
of people by the use of the following model knowledge:

1. People have always two legs
2. Legs are close to each other
3. Legs move in a similar direction
4. Legs have a higher probability of occluding each other than being occluded by

other people’s legs or objects

In contrast to previous works that consider gait models of walking persons [27, 28]
we deliberately take a minimalist approach since people have a large variety of leg
geometries and motion patterns, poorly captured by a gait model. Thus, to create a
person track, we implement each point of the above-mentioned model as follows:

1. A person track is defined as a high-level track to which two legs tracks are as-
sociated. The state of a person is estimated from the state of the two legs tracks
using the multivariate weighted mean.

2. Two tracks xi,xi that satisfy a nearness condition given a threshold θd which in
our case is set to 0.75 meter form a person candidate.

3. A person candidate is validated if the two tracks maximize the scalar product
of their orientations summed over the track histories S = ∑t < θ t

i , θ t
j > with

θi = atan2(v2
y,i,v

2
x,i) being the orientation of track xi. In practice, we calculate S

only in a sliding window over the last L steps and validate a person track that
satisfies S > θa where θa is an experimentally determined threshold.

4. The adaptation of the occlusion probability is described in detail in the following
subsection.

Person tracks are estimated based on its associated leg tracks. Thus, a person track
is deleted either if the MHT deletes one or both of its leg tracks or if condition 2
does not hold anymore for L consecutive steps.

3.3.1 Adaptation of Occlusion Probability

According to Reid [3], who only considers the label detected, the number of tracks
with this label, Ndet, follows a binomial distribution. In the more general case, in
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which we have an arbitrary number of labels, the number of tracks with a given
label follows a multinomial distribution.

Besides detection (according to Reid [3]) and deletion (introduced by Cox and
Hingorani [29]) we introduce the label occlusion. Thus, the pdf of the labeling of
the tracks into detected, occluded, and deleted is

p(Ndet,Nocc,Ndel|Ω k−1
p( j)) =

N!
Ndet!Nocc!Ndel!

pNdet
det pNocc

occ pNdel
del (8)

with pdet + pocc + pdel = 1 and N = Ndet +Nocc +Ndel. Equation (8) is the gener-
alization of Equation (4) and allows to specifically adjust the label probabilities.
Occlusions are no longer implied by non-detection and non-deletion but are made
explicit as a label with their own specific probability.

However, adjusting individual probabilities raises the question whether probabil-
ities of assignments and hypotheses remain properly normalized across branches
in the hypothesis tree. We will now verify that the consistency in this sense is
maintained.

In our case, there are leg tracks that are associated to validated person tracks and
leg tracks that are either associated to non-validated person tracks or to no person
track at all. We will denote the former as approved (by the superscript A) and the
latter as free (by the superscript F). With NA and NF as the number of approved and
the number of free tracks respectively, N = NA +NF and likewise

NF = NF
det +NF

occ +NF
del (9)

NA = NA
det +NA

occ +NA
del. (10)

The evidence approved and free conditions the probabilities in Equation (8) such
that the right-hand side must be rewritten as the product of two multinomial dis-
tributions, each with three conditional probabilities pdet|F , pdel|F , pocc|F and pdet|A,
pdel|A, pocc|A for which pdet|F + pdel|F + pocc|F = 1 and pdet|A + pdel|A + pocc|A = 1
must hold. The product of multinomial distributions is explained by the fact that a
track can only be either approved or free.

As a consequence, the three product terms that compose the assignment set prob-
ability, p(Ψj(k)|Ω k−1

p( j)), are altered as follows. The first term, the probability of the
number of tracks with a certain label becomes

p(NF
det,N

F
occ,N

F
del,N

A
det,N

A
occ,N

A
del,Nnew,Nfal|Ω k−1

p( j))

= NF !
NF

det !N
F
occ!NF

del!
· pNF

det
det|F · p

NF
occ

occ|F · p
NF

del
del|F ·

NA!
NA

det !N
A
occ!NA

del!
· pNA

det
det|A · p

NA
occ

occ|A · p
NA

del
del|A ·

μ(Nfal;λfalV ) ·μ(Nnew;λnewV ) (11)

The second term, the probability of a specific combination of these numbers, is
calculated as 1 over the number of these combinations, which is
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(
Mk

NF
det

)(
Mk−NF

det

NA
det

)(
Mk−NF

det−NA
det

Nnew

)

·
(

Mk−NF
det−NA

det−Nnew

Nfal

)

=
Mk!

NF
det!N

A
det!Nnew!Nfal!

(12)

since Mk = NF
det +NA

det +Nnew +Nfal.
Similarly, for the third term, the probability of the number of track-to-

measurement associations determined as 1 over the number of these associations,
is 1 over

NF !

(NF −NF
det)!

(
NF −NF

det

NF
occ

)(
NF −NF

det−NF
occ

NF
del

)

·

NA!

(NA−NA
det)!

(
NA−NA

det

NA
occ

)(
NA−NA

det−NA
occ

NA
del

)

=
NF !NA!

NF
occ!NF

del!N
A
occ!NA

del!
(13)

When combining these results, many terms cancel out like in Reid’s approach [3].
Accordingly, we obtain the assignment set probability as

p(Ψj(k)|Ω k−1
p( j)) =

η ′ · pNF
det

det|F · p
NF

occ
occ|F · p

NF
del

del|F · p
NA

det
det|A · p

NA
occ

occ|A · p
NA

del
del|A ·

λ Nnew
new ·λ Nfal

fal ·V Nnew+Nfal (14)

where η ′ is a constant normalization factor.
Substituting Equation (14) and the measurement likelihood from Equation (3)

into Equation (2) yields the final expression for the probability of a child hypothesis

p(Ω k
j |zk) = η ′′

Mk

∏
i=1
N (zi

k)
δi ·

p
NF

det
det|F · p

NF
occ

occ|F · p
NF

del
del|F · p

NA
det

det|A · p
NA

occ
occ|A · p

NA
del

del|A ·
λ Nnew

new ·λ Nfal
fal · p(Ω k−1

p( j)). (15)

Here η ′′ = η ·η ′ is a constant normalization factor which ensures that the proba-
bilities of the hypotheses Ω k

j sum up to 1. It can be shown that η ′′ only depends
on Mk. This means that within the same generation of hypotheses – for which Mk

is identical – proper normalization across all branches in the tree, that is across all
hypothesis probabilities, is guaranteed.
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3.3.2 Branching and Pruning Strategies

For an efficient implementation of an MHT, pruning strategies that limit the expo-
nential explosion of hypotheses are mandatory. As proposed by Cox and Hingo-
rani [29] we make use of the following strategies:

• k-Best Branching. Instead of creating all children, we generate only the k best
children for each parent hypothesis. This can be done in polynomial time with an
algorithm proposed by Murty [31].

• N-scan-back. The N-scan-back algorithm considers an ancestor hypothesis at
time k−N and looks ahead in time to all its children at the current time k (the
leaf nodes). It evaluates the probabilities of all leaf nodes, keeps the best branch
at time k−N in terms of probability mass and discards all others.

3.4 Experimental Evaluation

The approach described above has been implemented and evaluated on a an Active-
Media Powerbot mobile robot equipped with a Sick LMS laser scanner mounted at
a height of 11 cm above ground. The angular resolution of the range scans was 0.5◦.
Throughout all experiments we used the values listed in Table 10 for the conditional
probabilities introduced in the previous section. These values can be learned from a
labeled test data set. Our adaptive method uses the probabilities with the superscript
F for free tracks and the probabilities with the superscript A for approved tracks. We
compare our method also to the non-adaptive case for which we use the probabilities
with the superscript F as default values unless otherwise noted.

3.4.1 Person Walking on an 8-Shaped Trajectory

In the first experiment a person follows a 8-shaped trajectory in a corridor of about
2.5 meters width in normal walking speed. As can be seen from Figure 5, our system
was able to reliably track the person despite the fact that it only used a constant
velocity motion model to track the sharp turns carried out by the person. The same
leg tracks last over the entire duration of the experiment. This is illustrated by the
diagram in right image of Figure 5 that shows a constant number of four tracks. Two
of the four tracks are due to false alarms extracted in the clutter. Without adaptation
of the occlusion probability, there is track loss at nearly every U-turn giving rise to
many newly created tracks.

Table 10 Parameters used throughout the experiments.

pdet|F pocc|F pdel|F pdet|A pocc|A pdel|A λnew λfal

0.3 0.63 0.07 0.2 0.79 0.01 0.001 0.003



256 K.O. Arras et al.

 0
 2
 4
 6
 8

 10
 12
 14
 16
 18
 20

 0  200  400  600  800  1000

to
ta

l n
um

be
r 

of
 c

re
at

ed
 tr

ac
ks

iteration

non-adaptive
adaptive

Fig. 5 Trajectories and total numbers of created tracks for experiment 1.

3.4.2 Person Turning Constantly while Moving Forward

In the second experiment a person is moving on a straight line turning 180◦ around
the stationary leg at each step (see Figure 6). This unusual walking pattern produces
heavy occlusions of the moving leg by the stationary one. The adaptive approach
was able to track the person accurately during the experiment. The total number
of tracks in Figure 6 (right) is constant (three), one of them being a false alarm.
The mutual leg occlusion is poorly handled by the non-adaptive approach as the
increasing number of new tracks in the diagram illustrates.
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Fig. 6 Trajectories and total numbers of created tracks for experiment 2.

3.4.3 People Walking Randomly in a Narrow Corridor

It remains to be demonstrated that the superior performance of the adaptive ap-
proach found so far is not just due to better tuned probability parameters for ap-
proved tracks. This is demonstrated in the third experiment where up to four people
simultaneously move through the field of view of the sensor. The subjects perform
typical motion patterns at normal walking speed, they avoid each other, turn on the
spot, cross paths, stop once in a while, and frequently enter and leave the field of
view. This leads up to four validated people tracks simultaneously (eight leg tracks),
not included false alarms due to, e.g., corners falsely detected as legs.

Figure 7 shows a portion of the experiment with four simultaneously tracked
people. The chance of additional mutual occlusions from people is substantial in
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Person 1
Person 2
Person 3
Person 4

Fig. 7 Trajectories of four people tracks during experiment 3.

this narrow environment. Figure 8 depicts the total number of created tracks. Due
to long lasting occlusions produced by other people, the system sometimes deletes
tracks although the person is still there, and creates new tracks when the person
becomes visible again. However, Figure 8 shows that compared to the non-adaptive
case, we are able to track people more robustly over an extended period of time
as the number of tracks is substantially closer to ground truth. The ground truth
information was obtained by manual inspection.

If we use the parameter setting for approved tracks as default (and without adap-
tation), we observe in Figure 9 (left) that the number of simultaneous tracks nearly
never decreases, that is, tracks are deleted with a very low probability. When tracks
are not deleted, their uncertainty grows boundless producing a high level of ambigu-
ity, and ergo, a high number of matching candidates that pass the Mahalanobis test.
This causes an explosion of branches in the hypothesis tree as illustrated in Figure 9
(right). The diagram shows the number of hypotheses between steps 900 and 1000,
the time when all four people were in the field of view. In the adaptive case, the peak
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Fig. 8 Total number of created tracks for the adaptive method, the non-adaptive method, and
the ground-truth.
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Fig. 9 Number of tracks for the adaptive method, the non-adaptive method with parameters
for approved tracks as default versus the ground truth (left) and number of simultaneous
hypotheses for our adaptive case and the non-adaptive method with parameters for approved
tracks as default (right).

Fig. 10 Trajectories of robot and people in experiment 4. Person 1 is constantly tracked,
person 2 receives a new identifier when reentering the sensor’s field of view.

numbers of hypotheses are seriously more moderate compared to the non-adaptive
approach where the parameters for approved tracks are taken as default.

The average cycle time in this experiment with four people was 44.5 ms on an
Athlon 4400+ and with a scan-back depth of eight (see section 3.3.2). A significant
acceleration (from initially 220 ms) was due to the introduction of separate trees for
tracks and hypotheses as proposed by Cox and Hingorani [29] that avoids processing
duplicate tracks.

3.4.4 Tracking from a Moving Robot

In the forth experiment the robot moves with an average translational velocity of
0.33 m/s (max. 0.5 m/s) while tracking two people (Figure 10). The two subjects
move at normal walking speeds, stop once in a while with person 2 leaving and
re-entering the robot’s field of view. Consecutive scans are aligned using odometry
information. With a moving sensor, detection of moving leg blobs is more difficult
as also the background becomes dynamic. Especially in clutter the AdaBoost classi-
fier therefore generates a higher number of false alarms. Because people tracks are
initialized only from leg tracks that satisfy our person model, the robot is able to
robustly track the two people with only one incorrect people track that appears for
two iterations. The non-adaptive approach creates additionally eleven incorrect leg
tracks resulting in a total of four incorrect people tracks.
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Fig. 11 Tracking groups of people with a mobile robot. Groups are shown by their position
(blue), velocity (black), the associated laser points (green), and a contour for visualization. In
the two frames, a group of four people splits up into two groups with two people each.

3.5 Summary

Based on the leg detection method presented in Section 2, this section presented our
approach to people tracking posed as a leg tracking problem. For data association,
we utilized an MHT that we extended to incorporate adaptive occlusion probabili-
ties and present a mathematical derivation for this approach. The approach has been
implemented and tested on a real robot with data acquired by a SICK laser range
sensor. The experimental results demonstrate that our approach is able to robustly
track multiple people based on observations of their legs even when enduring oc-
clusions occur. We also carried out experiments that demonstrate that our adaptive
approach outperforms a non-adaptive MHT with fixed occlusion probability set-
tings, since the latter overly delays track deletion and thus produces a high level
of ambiguity coupled with an explosion of the number of hypotheses. Our system
is able to perform each update fast enough for online processing on a standard PC
even when the robot is tracking four people.

4 Tracking Groups of People

The people tracking approach presented so far can robustly detect and track indi-
viduals. For crowded environments, however, tracking single people can not only
become increasingly difficult but also ignores an important human trait namely that
people are social beings. As such they form groups, interact with each other, merge
to larger groups, or separate from groups. Tracking individual people in these forma-
tion processes can be hard due to the high chance of occlusion and the large extent
of data association ambiguity. This causes the space of possible associations to be-
come huge and the number of assignment histories to quickly become intractable.
Further, for many applications, knowledge about groups can be sufficient as the
task does not require to know the state of every person. In such situations, track-
ing groups that consist of multiple people is more efficient. Additionally, it reveals
semantic information about activities and social relations of people.

This section focuses on group tracking in populated environments with the goal
to track a large number of people in real-time. The approach attempts to maintain
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the state of groups of people over time, considering possible splits and merges as
shown in Fig. 11. Again, for our experiments we use a mobile robot equipped with
a laser range finder, but our method is applicable to data from other sensors as well.

In most of the related work on laser-based people tracking, tracks correspond to
individual people [23, 6, 9, 11, 24]. In Taylor et al. [27] as well as in the approach
described in the previous section, tracks represent the state of legs which are fused
to people tracks in a later stage.

Khan et al. [32] proposed an MCMC-based tracker that is able to deal with
non-unique assignments, i.e., measurements that originate from multiple tracks,
and multiple measurements that originate from the same track. Actual tracking of
groups using laser range data was, to our knowledge, first addressed by Mucientes
et al. [26]. Most research in group tracking was carried out in the vision commu-
nity [33, 34, 35]. Gennari et al. [34] and Bose et al. [35] both address the problem
of target fragmentation (splits) and grouping (merges). They do not integrate data
association decisions over time – a key property of the Multi-Hypothesis Track-
ing (MHT) approach, initially presented by Reid [3] and later extended by Cox et
al. [29]. The approach belongs to the most general data association techniques as
it produces joint compatible assignments, integrates them over time, and is able to
deal with track creation, matching, occlusion, and deletion. association techniques
such as the nearest neighbor filter, the track splitting filter, or the JPDAF are less
powerful or sub-optimal in nature.

The works closest to our approach are Mucientes et al. [26] and Joo et al. [36].
Both address the problem of group tracking using an MHT approach. Mucientes et
al. employ two separate MHTs, one for the regular association problem between ob-
servations and tracks, and a second stage MHT that hypothesizes over group merges.
However, people tracks are not replaced by group tracks, hence there is no gain in
efficiency. The main benefit of that approach is the additional semantic information
about the formation of groups.

Joo et al. [36] present a vision-based group tracker using a single MHT to create
hypotheses of group splits and merges and observation-to-track assignments. They
develop a variant of Murty’s algorithm [31] that generates the k-best non-unique
assignments which enables them to make multiple assignments between observa-
tions and tracks, thereby describing target splits and merges. However, the method
only produces an approximation of the optimal k-best solutions since the posterior
hypothesis probabilities depend on the number of splits, which, at the time when
the k-best assignments are being generated, is unknown. In our approach, the split,
merge and continuation events are given by the model before computing the assign-
ment probabilities, and therefore, our k-best solutions are optimal.

In this section we propose a tracking system for groups of people using an ex-
tended MHT approach to hypothesize over both, the group formation process (mod-
els) and the association of observations to tracks (assignments). Each model, defined
to be a particular partitioning of tracks into groups, creates a new tree branch with
its own assignment problem. As a further contribution we propose a group repre-
sentation that includes the shape of the group, and we show how this representation
is updated in each step of the tracking cycle. This extends previous approaches to
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Fig. 12 Illustration of the detection step. Left: One group is detected since all shortest links
between the measured points zl are smaller than the single-linkage clustering threshold dP.
Right: Two groups are found as the shortest link between their points exceeds dP. For group
size estimation, the number of human-sized blobs in a group is determined by applying the
same clustering procedure with threshold dhs.

group tracking where groups are assumed to have Gaussian shapes only [34, 26].
Our proposed group tracker also estimates the number of people in groups and
employs a labeling system to represent the history of group interactions, both of
which extend the approach presented in our previous work [37].

Finally, we use the psychologically motivated proxemics theory introduced by
Hall [4] for the definition of a group. The theory relates social relation and body
spacing during social interaction and proposes thresholds that separate the intimate,
personal, social, and public space around people.

4.1 Group Detection in Range Data

Detecting people in range data has been approached with motion and shape fea-
tures [23, 6, 9, 11, 24, 26] as well as with the classifier described in Section 2. How-
ever, these systems were designed (or trained) to extract single people. In the case
of densely populated environments, groups of people typically produce large blobs
in which individuals are hard to recognize. We therefore pursue the approach of
background subtraction and clustering. Given a previously learned model (a map of
the environment for mobile platforms), the background is subtracted from the scans
and the remaining points are passed to the clustering algorithm. This approach is
also able to detect standing people as opposed to the work of Mucientes et al. [26]
which relies on motion features. Note that the detection method is not critical to the
system and could also be replaced by map-free approaches that employ appearance
information, motion features, or other filtering techniques.

Concretely, a laser scanner generates measurements consisting of bearing and
range values. The measurements are transformed into Cartesian coordinates zl =
(xl ,yl)

T and grouped using single linkage clustering [38] with a distance thresh-
old dP. The outcome is a set of clusters Zi making up the current observation set
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Z(k) = {Zi | i = 1, . . . ,NZ}, where each cluster represents a single observation in
the tracking framework. Each cluster Zi is a complete set of measurements zl that
fulfills the cluster condition, i.e., two clusters are joined if the distance between their
closest points is smaller than dP. A similar concept, using a connected components
formulation, has been used by Gennari and Hager [34]. The clusters then contain
range readings that can correspond to single legs, individual people, or groups of
people, depending on the cluster distance dP.

Even though tracking of individuals in groups is not feasible due to frequent
occlusions, the number of detected individuals in a group correlates with the true
number of people in a group. As an observation of the group size, we therefore take
the number of human-sized clusters nhs(Zi) found in an observation cluster Zi. We
determine this by counting the clusters after reapplying single linkage clustering to
the points in Zi with an appropriate distance threshold dhs, with dhs < dP.

An example for the clustering is given in Fig. 12. On the left, all links are shorter
than dP so that the measurements are grouped into one cluster Z0 that contains four
human-sized clusters. On the right, the shortest distance between the two groups
exceeds dP so that they are kept as two clusters, Z1 and Z2. The two people in Z2

are counted as only one human-sized cluster.

4.2 Group Definition and Group Tracks

This section defines the concept of a group, describes the initialization of group
tracks and derives the probabilities of group-to-observation assignments and group-
to-group assignments.

What makes a collection of people a group is a highly complex question in gen-
eral, which involves social relations among subjects that are difficult to measure.
A concept related to this question is the proxemics theory introduced by Hall [4]
who found from a series of psychological experiments that social relations among
people are reliably correlated with physical distance during interaction. This finding
allows us to infer group affiliations by means of body spacing information available
in the range data. The distance dP thereby becomes a threshold with a meaning in
the context of group formation.

4.2.1 Representation of Groups

Concretely we represent a group as a tuple G = 〈x,C,P ,L〉 with x as the track state,
C the state covariance matrix,P the set of contour points that belong to G, and L the
set of identification labels. The track state vector x = (x, y, ẋ, ẏ,n)T is composed of
the position (x, y)T , the velocities (ẋ, ẏ)T , and n, the number of people in the group.

The points xPl ∈ P are an approximation of the current shape or spatial exten-
sion of the group. Shape information will be used for data association under the
assumption of instantaneous rigidity. That is, a group is assumed to be a rigid ob-
ject over the duration of a time step Δ t, and consequently, all points in P move
coherently with the estimated group state x. The points xPl are represented relative
to the state x, as described in Sect. 4.2.2.
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The label set L contains identification labels that are associated with the group.
These labels explicitly represent the history of track interactions, which can be
of high interest for certain applications, e.g., to determine which people belong
together.

4.2.2 Initialization of Group Tracks

If the tracker creates a new group track G j from an observation cluster Zi in time
step k, the positional components (x j,y j)

T of track state x j(k|k) are initialized with
the centroid position of the measurement cluster. The contour points P j are the
points in Zi represented relative to the centroid (omitting the time index (k|k) for
readability):

(
x j

y j

)

:= z̄i =
1
|Zi| ∑

zl∈Zi

zl , P j :=
⋃

zl∈Zi

zl− z̄i . (16)

The unobserved velocity components (ẋ j, ẏ j)
T of x are set to zero, the size estimate

is set to the number of human-sized blobs in the measurement cluster, n j :=nhs(Zi),
and the label set is assigned a unique number as its only element, e.g., L j := {0}
for the first group after starting up the tracker. The initial state covariance is given
by Cj = C0, where C0 is a diagonal matrix with

(
σx

2,σy
2,σẋ

2,σẏ
2,σn

2
)

being the
elements on the main diagonal. To account for the unknown components in the
initial state vector, high uncertainty values are used for the corresponding entries in
the initial state covariance matrix.

4.2.3 Motion Model for Group Tracks

To track groups over time, the state x(k|k) and state covariance C(k|k) of each group
track in time step k are predicted into the next time step using a motion model.
The predictions are denoted as x(k+1|k) and C(k+1|k), respectively. For tracks that
are continued, i.e., no splits or merges take place from one frame to the next, we
assume constant velocity for the centroid of the group, and a constant number of
people in the group. Using a linear Kalman filter we get x(k+ 1|k) = Ax(k|k) and
C(k+ 1|k) = AC(k|k)AT +Q for the state prediction. The state transition matrix A
and the process noise covariance matrix Q are given by

A=

⎛

⎜
⎜
⎜
⎜
⎝

1 0 Δ t 0 0
0 1 0 Δ t 0
0 0 1 0 0
0 0 0 1 0
0 0 0 0 1

⎞

⎟
⎟
⎟
⎟
⎠
, Q=

⎛

⎜
⎜
⎜
⎜
⎝

εx
2 0 0 0 0

0 εy
2 0 0 0

0 0 εẋ
2 0 0

0 0 0 εẏ
2 0

0 0 0 0 εn
2

⎞

⎟
⎟
⎟
⎟
⎠
.

The entries of Q reflect the acceleration capabilities of a typical human. The noise
for the number of people in the group, controlled by εn, accounts for people joining
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or leaving the group without being noticed. The actual noise values used in our
experiments are given in Sect. 4.6.

As mentioned before, we assume instantaneous rigidity for the shape of a group.
Since the points in P are relative to the moving centroid, the point set remains
unchanged, and P(k+ 1|k)=P(k|k).

If two observations can be associated with a group track G, i.e., they both fall
into the validation gate of G, the tracker can consider to split the track into two new
tracks according to an interaction model (see Sect. 4.4). Since the actual partitioning
in the split is unknown at this stage, two new predicted group tracks G1 and G2 are
created by duplicating the predicted state and covariance of G. The same applies
for the point set P and the label set L. To make the label sets unique, we attach
different indices to the label, e.g., a group with label set {0} would split up into
two groups with label sets {0−0} and {0−1}. Again, the component of the state
that represents the number of people in the group, n, is treated differently: the sum
of people in the resulting groups must be equal to the original number of people.
However, the actual partitioning is not known in the prediction step. Therefore, we
use n1 =n2=n/2, and reinitialize the state covariances of the new split tracks with
C0.

If the tracker considers to merge two group tracks Gi and G j according to a
track interaction model, the track prediction has to be computed accordingly. The
predicted set of contour points of the merged group is the union of the two former
point sets, Pi j = Pi ∪P j. The track states xi and x j of the merging group track
represent the position and velocity of the centroids of the groups. Thus, the state
of the merged track, xi j, is computed as the weighted mean of the original track
states, using the number of points in the merging sets Pi and P j as weights. The
tracks before the merge are assumed to be independent. According to the summation
and scaling laws for covariances, the covariance matrix of the merging track is the
weighted mean of the original covariances with squared weights,

xi j = wi ·xi +wj ·x j (17)

Ci j = wi
2 ·Ci +wj

2 ·Cj , (18)

where wi = |Pi|/|Pi j| and wj = |P j|/|Pi j|. Note that this applies only for the first
four components of xi j and the upper-left 4×4 block of Ci j. The fifth component,
namely the group size ni j, is excluded, since the number of people in the merging
groups naturally add up to ni j := ni+n j. Consequently, the corresponding uncer-
tainty values are summed up as well. Finally, the label set of the new group is the
union of the label sets of the original tracks, Li j = Li ∪L j. To remove redundant
labels, an optional pruning can be done in this step: whenever all tracks that resulted
from a split have merged again, the additional indices added in the split step can be
removed, e.g., when the groups with labels {0−0} and {0−1} merge, they can be
labeled {0} again. Although this can remove split and merge events from the history
represented by the labeling, it keeps the semantic information consistent.
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4.2.4 Group-to-Observation Assignment Probability

For data association we need to calculate the probability that an observed cluster Zi

belongs to a predicted group G j = 〈x j(k+ 1|k),Cj(k+ 1|k), P j 〉. Therefore, we
are looking for a distance function d(Zi,G j) that, unlike the Mahalanobis distance
used by Mucientes et al. [26], accounts for the shape of the observation cluster Zi

and the contour P j of the group, rather than just for their centroids. To this end,
we use a variant of the Hausdorff distance. As the regular Hausdorff distance is
the longest distance between points on two contours, it tends to be too sensitive
to large variations in depth that can occur in range data. This motivates the use of
the minimum average Hausdorff distance [39] that computes the minimum of the
averaged distances between contour points as

dHD(Zi,G j) = min
{

d(Zi,P j),d(P j,Zi)
}
, (19)

where d(Zi,P j) is the directed average Hausdorff distance from Zi to P j,

d(Zi,P j) =
1
|Zi| ∑

zl∈Zi

min
xP j

∈P j

{
D(νl j , Sl j)

}
. (20)

Since we deal with uncertain entities, we calculate the distance d(Zi,P j) using the
Mahalanobis distance

D(νl j ,Sl j) =
√

νl j
T S−1

l j νl j , (21)

with νl j being the innovation and Sl j being the innovation covariance between a
point zl ∈ Zi and contour point xP j of the predicted set P j transformed into the
sensor frame. More precisely, these two terms are given as

νl j = zl− (Hx j(k+ 1|k)+ xP j) (22)

Sl j = HCj(k+ 1|k)HT +Rl, (23)

where H =
(

1 0 0 0 0
0 1 0 0 0

)
is the measurement Jacobian and Rl the 2×2 observation

covariance whose entries reflect the noise in the measurement process of the range
finder.

The probability that cluster Zi originates from group track G j is finally given by
a zero-centered Gaussian,

Ni =
1

2π
√

det(Sl j)
exp

(− 1
2 d2

HD(Zi, G j)
)
. (24)

4.2.5 Group-to-Group Assignment Probability

To determine the probability that two groups Gi and G j merge, we compute the
distance between their closest contour points in a Mahalanobis sense. In doing so,
we have to account for the clustering distance dP, since we consider Gi and G j to be
one group as soon as their contours come closer than dP. Let ΔxPi j =xPi−xP j be the
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vector difference of two contour points of Gi and G j, respectively. We then subtract
dP from ΔxPi j unless ΔxPi j ≤ dP for which ΔxPi j = 0. Concretely, the modified
difference becomes Δx′Pi j

= max(0, ΔxPi j− dP uPi j ) where uPi j = ΔxPi j/|ΔxPi j |.
To obtain a similarity measure that accounts for nearness of group contours and

similar velocity, we augment Δx′Pi j
by the difference in the velocity components,

Δx∗Pi j
= (Δx′TPi j

, ẋi− ẋ j , ẏi− ẏ j)
T . (25)

We now determine the statistical compatibility of two groups Gi and G j according
to the four-dimensional minimum Mahalanobis distance

d2
min(Gi, G j) = min

xPi
∈Pi

xP j
∈P j

{
D2(Δx∗Pi j

,Ci+Cj)
}
. (26)

The probability that two groups actually belong together, is finally given by

Ni j =
1

(2π)2√det(Ci+Cj)
exp

(− 1
2 d2

min(Gi, G j)
)
. (27)

In this formulation, only the upper-left 4×4 blocks of Ci and Cj are used, which
excludes the group size estimate and the corresponding uncertainties from data as-
sociation. In future work, these could be included as well.

4.3 Tracking Cycle

This section describes the steps in the cycle of our Kalman filter-based group tracker.
An overview is given by the flow diagram in Fig. 13. The structure differs from a
regular tracker in the additional steps model generation, track re-prediction, and
re-clustering.

• State prediction: In this step, the states of all existing group tracks are predicted
under the assumption that they continue without interacting with other tracks, i.e.,
without splits or merges. See Sect. 4.2.3 for details.

• Observation: As described in Sect. 4.1, this step involves grouping the laser range
data into clusters Z .

• Model Generation: Models are generated based on the predicted group tracks
and the clusters Z , see Sect. 4.4.

• Re-prediction: Based on the model hypotheses that postulate a split, merge, or
continuation event for each track, groups are re-predicted using these hypotheses
so as to reflect the respective model, as explained in Sect. 4.2.3.

• Re-clustering: Re-clustering an observed cluster Zi is necessary when it might
have been produced by more than one group track, that is, it is in the gate of
more than one track. If the model hypothesis postulates a merge for the involved
tracks, nothing needs to be done. Otherwise, Zi needs to be re-clustered, which
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Fig. 13 Flow diagram of the tracking system. It differs from a regular tracker in the additional
steps model generation, re-prediction and re-clustering (see explanations in section 4.3).

is done using a nearest-neighbor rule: those points zl ∈ Zi that share the same
nearest neighbor track are combined to a new cluster. This step follows from
the uniqueness assumption, which is common in target tracking and according to
which an observation can only be produced by a single target.

• Data Association MHT: This step involves the generation, probability calculation,
and pruning of data association hypotheses that assign re-predicted group tracks
to re-clustered observations. See Sect. 4.5.

• Update: Each group track G j that has been assigned to a cluster Zi is up-
dated with a standard linear Kalman filter. We use an observation vector z̃i =
(z̄i,nhs(Zi))

T , that contains both the centroid position z̄i of Zi and the number of
human-sized blobs nhs(Zi) in the cluster. The update is then given by

x(k+1|k+1) = x(k+1|k)+K
(
z̃i−H̃x(k+1|k)) (28)

C(k+1|k+1) = C(k+1|k)−KH̃ C(k+1|k) (29)

with K being the Kalman gain matrix and H̃ the corresponding measurement
Jacobian,

K = C(k+1|k) · H̃T (
H̃C(k+1|k)H̃T +Rl

)−1
(30)

H̃ =

⎛

⎝
1 0 0 0 0
0 1 0 0 0
0 0 0 0 1

⎞

⎠ . (31)
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The contour points in P j are replaced by the points in Zi after being trans-
formed into the reference frame of the posterior state x(k+1|k+1), as described
in Sect. 4.2.2. Thereby, P j always contains the most recent approximation of the
group.

4.4 Model Generation and Model Probability

A model defines which group tracks are present at a certain time step, and thus
assumes a particular state of the group formation process. New models, whose gen-
eration is described in this section, hypothesize about the evolution of that state. As
this happens recursively, that is, based on the previous model of the last time index,
the problem can thus be seen as a recursive clustering problem.

The space of possible model transitions is large since each group track can split
into an unknown number of new tracks, or merge with an unknown number of other
tracks. We therefore impose the gating condition for observations and tracks us-
ing the minimum average Hausdorff distance, thereby implementing a data-driven
aspect into the model generation step:

• Multiple group tracks Gi can merge into one track only if there is an observation
which is statistically compatible with all Gi.

• A group track can only split into multiple tracks that are all matched with ob-
servations in that very time step. Splits into occluded or obsolete tracks are not
allowed.

Gating and statistical compatibility are both determined on a significance level α .
We further bound the possible number of model transitions as we assume that

merge and split are binary operators. More precisely, we assume:

• At most two group tracks Gi, G j can merge into one track at the same time.

• A track Gi can split at most into two tracks in one frame.

• A group track can not be involved in a split and a merge action at the same time.

These limitations are justified by the assumption that we observe the world much
faster than the rate with which it evolves. This fact alleviates the impact of violations
of the above assumptions: even if, for instance, a group splits into three subgroups
at once, the tracker requires only two cycles to reflect this change.

A new model now defines for each group track if it is continued, split, or merged
with another group track. The probability of a model is calculated using the con-
stant prior probabilities for continuations and splits, pC and pS respectively, and the
probability for a merge between two tracks Gi and G j as pG ·Ni j. The latter term
consists of a constant prior probability pG and the group-to-group assignment prob-
ability Ni j defined in Sect. 4.2.5. Let NC and NS be the number of continued tracks
and the number of split tracks in model M respectively, then the probability of M
conditioned on the parent hypothesis Ω k−1 is
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P(M|Ω k−1) = pNC
C · pNS

S ∏
Gi,Gj∈Ω k−1

( pG ·Ni j)
δi j (32)

with δi j being 1 if Gi, G j merge and 0 otherwise.

4.5 Multi-model

In this section we describe our adaptions and extensions of the original MHT by
Reid [3] to a multi-model tracking approach that hypothesizes over both, data asso-
ciations and models (as defined in the previous sections).

Let Ω k
i be the i-th hypothesis at time k and Ω k−1

p(i) its parent. Let further ψi(k)

denote a set of assignments that associate predicted tracks in Ω k−1
p(i) to observations

in Z(k). As there are many possible assignment sets given Ω k−1
p(i) and Z(k), there are

many children that can branch off a parent hypothesis, each with a different ψ(k).
This makes up an exponentially growing hypothesis tree.

The multi-model MHT introduces an intermediate tree level for each time step,
on which models spring off from parent hypotheses (Fig. 14). In each model branch,
the tracks of the parent hypothesis are first re-predicted to implement that particular
model and then assigned to the (re-clustered) observations. Possible assignments for
observations are existing tracks that match with existing tracks, false alarms or new
tracks. Using the generalized formulation described in Section 3 to deal with more
than two track interpretation labels, tracks are interpreted as matched, obsolete, or
occluded.

Fig. 14 The multi-model MHT. For each parent hypothesis, model hypotheses (ellipses)
branch out and create their own assignment problems. In our application, models define which
tracks of the parent hypothesis are continued, split, or merged. The tree shows frames 13 to 15
of figure 16. The split of group 1 between frames 14 and 15 is the most probable hypothesis
after data association following model branch 0, although the continuation following model
branch 1 is more probable (see the legend for details).
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4.5.1 Assignment Set and Hypothesis Probability

The probability of a hypothesis in the multi-model MHT is calculated as follows.
We compute the probability of a child hypothesis Ω k

i given the observations from
all time steps up to k, denoted by Zk. According to the Markov assumption, it is
the joint probability of the assignment set ψi(k), the model M, and the parent hy-
pothesis Ω k−1

p(i) , conditioned on the current observation Z(k). Using Bayes rule, this
can be expressed as the product of the data likelihood with the joint probability of
assignment set, model and parent hypothesis

P(Ω k
i |Zk)

= P(ψ ,M,Ω k−1
p(i) |Z(k)) (33)

= η ·P(Z(k)|ψ ,M,Ω k−1
p(i) ) ·P(ψ ,M,Ω k−1

p(i) ). (34)

By using conditional probabilities, the third term on the right hand side can be fac-
torized into the probabilities of the assignment set, the model, and the parent hy-
pothesis

P(ψ ,M,Ω k−1
p(i) ) = P(ψ |M,Ω k−1

p(i) ) ·P(M|Ω k−1
p(i) ) ·P(Ω k−1

p(i) ). (35)

The third factor in this product is known from the previous iteration, whereas the
second factor represents the model probability derived in Sect. 4.4.

It remains to specify the first factor which is the probability of the assignment
set ψ . The set ψ contains the assignments of observed clusters Zi and group tracks
G j either to each other or to one of their possible labels listed above. Assuming
independence between observations and tracks, the probability of the assignment
set is the product of the individual assignment probabilities. Namely, they are pM

for matched tracks, pF for false alarms, pN for new tracks, pO for tracks found to
be occluded, and pT for obsolete tracks scheduled for termination. If the number of
new tracks and false alarms follow a Poisson distribution (as assumed by Reid [3]),
the probabilities pF and pN have a sound physical interpretation as pF = λFV and
pN = λNV , where λF and λN are the average rates of events per volume multiplied
by the observation volume V (the field of view of the sensor). The probability for an
assignment ψ given a model M and a parent hypothesis Ω k−1 is then computed as

P(ψ |M,Ω k−1) = pNM
M pNO

O pNT
T λ NF

F λ NN
N V NF+NN , (36)

where the Ns are the number of assignments to the respective labels in ψ .
Thanks to the independence assumption, also the data likelihood

P(Z(k)|ψ ,M,Ω k−1
p(i) ) is computed by the product of the individual likelihoods

of each observation cluster Zi in Z(k). If ψ assigns an observation Zi to an existing
track, we assume the likelihood of Zi to follow a normal distribution, given by
Eq. 24. Observations that are interpreted as false alarms and new tracks are assumed
to be uniformly distributed over the observation volume V , yielding a likelihood of
1/V . The data likelihood then becomes
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P(Z(k)|ψ ,M,Ω k−1) =
(

1
V

)NN+NF
NZ
∏
i=1
N δi

i , (37)

where δi is 1 if Zi has been assigned to an existing track, and 0 otherwise.
Substitution of Eqs. (32), (36), and (37) into Eq. (33) leads, like in the original

MHT approach, to a compact expression, independent on the observation
volume V .

Finally, normalization is performed yielding a true probability distribution over
the child hypotheses of the current time step. This distribution is used to determine
the current best hypothesis and to guide the pruning strategies.

4.5.2 Hypothesis Pruning

Pruning is essential in implementations of the MHT algorithm, as otherwise the
number of hypotheses grows boundless. The following strategies are employed:

K-best branching: instead of creating all children of a parent hypothesis, the
algorithm proposed by Murty [31] generates only the K most probable hypotheses in
polynomial time. We use the multi-parent variant of Murty’s algorithm, mentioned
in [40], that generates the global K best hypotheses for all parents.

Ratio pruning: a lower limit on the ratio of the current and the best hypothesis is
defined. Unlikely hypotheses with respect to the best one, being below this thresh-
old, are deleted. Ratio pruning overrides K-best branching in the sense that if the
lower limit is reached earlier, less than K hypotheses are generated.

N-scan back: the N-scan-back algorithm considers an ancestor hypothesis at
time k−N and looks ahead in time onto all children at the current time k (the leaf
nodes). It only keeps the subtree at k−N with the highest sum of leaf node proba-
bilities. All other branches at k−N are discarded.

More details on these pruning strategies can be found in the work of Cox and
Hingorani [29].

4.6 Experimental Evaluation

To analyze the performance of our system, we collected two data sets in the entrance
hall of a university building, shown in Fig. 15. We used a Pioneer II robot equipped
with a SICK laser scanner mounted at 30 cm above floor, scanning at 10 fps. In
two unscripted experiments (dataset 1 with a stationary robot and dataset 2 with a
moving robot), up to 20 people are in the field of view of the sensor. They form a
large variety of groups during social interaction, move around, stand together and
jointly enter and leave the hall, see Fig. 16.

To obtain ground truth information, we labeled each single range reading. Beams
that belong to a person receive a person-specific label, other beams are labeled as
non-person. These labels are kept consistent over the entire duration of the data
sets. People that socially interact with each other (derived by observation) are said
to belong to a group with a group-specific label. Summed over all frames, the ground
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Fig. 15 Space where we have recorded the datasets for our experiments.

Fig. 16 Tracking results from the second data set. In frame 5, two groups are present. In
frame 15, the tracker has correctly split group 1 into 1-0 and 1-1 (see Fig. 14). Between
frames 15 and 29, group 1-0 has split up into groups 1-0-0 and 1-0-1 and split up again. New
groups, labeled 2 and 3, enter the field of view in frames 21 and 42 respectively.
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Table 11 Summary of the two datasets used in the experiments.

Dataset 1 Dataset 2

Number of frames 578 991
Avg. / max people 6.25 / 13 8.99 / 20
Avg. / max groups 2.60 / 4 4.16 / 8
Number of splits / merges 5 / 10 48 / 44
Number of new tracks / deletions 19 / 15 34 / 39
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Fig. 17 Left: Clustering error of the group tracker as the sum of over-segmentation and
under-segmentation error. The smallest error is achieved for a cluster distance of 1.3 m which
is very close to the border of personal and social space according to the proxemics theory,
marked at 1.2 m by the vertical line. Middle: Clustering error of the group tracker compared
to memory-less single linkage clustering (without tracking). Right: Average cycle time for the
group tracker versus a tracker for individual people plotted against the ground truth number
of people.

truth contains 5,629 labeled groups and 12,524 labeled people.1 For further details,
see Tab. 11.

The ground truth data is used for performance evaluation and to learn the pa-
rameters of our tracker. The values, determined by counting the related events in
the ground truth and dividing by the total number of these events, are pM = 0.79,
pO = 0.19, pT = 0.02, pF = 0.06, pN = 0.02 for the data association probabilities,
and pC = 0.63, pS = 0.16, pG = 0.21 for the group formation probabilities. When
evaluating the performance of the tracker, we separated the data into a training set
and a validation set to avoid overfitting.

The state uncertainty for new tracks is given by σx = σy = 0.1, σẋ =σẏ = 0.5,
and σn =0.2. The noise parameter for the motion model are given by εx =εy =0.2,
εẋ=εẏ=0.3, and εn =0.1.

Six frames of the current best hypothesis from the second dataset are shown in
Fig. 16. The corresponding hypothesis tree for frame 15 is shown in Fig. 14. The
sequence exemplifies movement and formation of several groups.

1 Data sets, ground truth and result videos are available online at http://www.informatik.uni-
freiburg.de/˜lau/grouptracking
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4.6.1 Clustering Error

This section analyzes how well the presented group tracker can recover the true
group formation processes, i.e., which people actually belong together according to
their social interaction as encoded in the ground truth.

We compute the clustering error of the tracker using the ground truth information
on a per-beam basis. This is done by counting how often set of points P of a track
contains too many or wrong points (under-segmentation) and how oftenP is missing
points (over-segmentation). Two examples for over-segmentation errors can be seen
in Fig. 16, where group 0 and group 1-0 are temporarily over-segmented, compared
to the ground truth which is visualized with a rectangle. However, from the history
of group splits and merges stored in the group labels, the correct group relations can
be determined in such cases.

For the first dataset, the clustering error rates for under-segmentation,
over-segmentation, and the sum of both are shown in Fig. 17 (left), plotted against
the clustering distance dP.

We compare the clustering performance of our group tracker with a memory-less
group clustering approach, which performs single-linkage clustering of the range
data as described in Sect. 4.1 without using a tracking framework. The result is
shown in Fig. 17 (middle).

The minimum clustering error of 3.1% is achieved by the tracker at dP = 1.3m.
The minimum error for the memory-less clustering is 7.0%, more than twice as
high. In the second dataset, the error rates are higher due to the larger number of
occlusions and the increased complexity in group interactions. Here, the minimum
clustering error of the tracker is 9.6% while the error of the memory-less clustering
reaches 20.2%, again more than twice as high.

To further investigate situations where tracking results differ from memory-less
clustering, we recorded laser data of groups of people walking and passing in a corri-
dor. An example is shown in Fig. 18, where one person passes between a group of two
people. The memory-less approach would merge them immediately while the track-
ing approach, accounting for the velocity information, correctly keeps the groups
apart by using re-clustering. This result shows that the group tracking problem is a
recursive clustering problem that requires integration of information over time.

In the light of the proxemics theory the result of a minimal clustering error at
1.3 m is noteworthy. The theory predicts that when people interact with friends, they
maintain a range of distances between 45 to 120 cm called personal space. When
engaged in interaction with strangers, this distance is larger. As our data contains
students who tend to know each other well, the result appears consistent with the
findings of Hall.

4.6.2 Tracking Efficiency

When tracking groups of people rather than individuals, the assignment problems in
the data association stage are of course smaller. At the same time, the introduction of
an additional tree level, on which different models hypothesize over different group
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Fig. 18 One person crosses a group of two people. Since the groups interweave, memory-
less clustering (top) unifies the two groups. Our group tracker can also create a model that
postulates a merge of the groups, followed later by a split (middle). However, the model
hypothesis leading to the most probable hypothesis in this situation continues both tracks
and triggers re-clustering (see Sect. 4.3). This way, the crossing groups are tracked correctly
(bottom). For a legend, see Fig. 16.

formation processes, comes with additional computational costs. We therefore com-
pare our system with a person-only tracker realized by inhibiting all split and merge
operations and reducing the cluster distance dP to the value that yields the lowest
error for clustering single people given the ground truth. For the second dataset, the
resulting average cycle times versus the ground truth number of people is shown in
Fig. 17 (right). The plots are averaged over different k from the range of 2 to 200 at
a scan-back depth of N = 30.

With an increasing number of people, the cycle time for the people tracker grows
much faster than the cycle time of the group tracker. Interestingly, even for small
numbers of people the group tracker is faster than the people tracker. This is due to
occasional over-segmentation of people into individual legs tracks. Also, as mutual
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occlusion of people in densely populated environments occurs frequently, the peo-
ple tracker has to maintain many more occluded tracks than the group tracker, as
occlusion of entire groups is rare. Also, the additional complexity of multiple mod-
els in the group tracker virtually disappears when the tracks are isolated due to the
data-driven model generation.

This result clearly shows that our group tracking approach is more efficient. With
an average cycle time of around 100 ms for up to 10 people on a Pentium IV at 3.2
GHz, the algorithm runs in real-time even with a non-optimized implementation.

4.6.3 Group Size Estimation

To evaluate the accuracy of our group size estimation approach, we define the error
as the absolute difference between the estimated number of people in a group and
the true value according to the labeled ground truth. For counting the number of
human-sized clusters in a group as described in Sect. 4.1, a clustering threshold
dhs=0.3m is used.

For the first dataset, we find that the average error in group size estimation is
0.23 people with a standard deviation of 0.30. In the more complex dataset 2, the
average error is 0.33 people with a standard deviation of 0.49. If the estimated group
sizes are rounded to integers, the tracker determined the correct value in 88.9% of
all cases in dataset 1 and in 84.3% for dataset 2.

If only deviations of more than one person are considered an error, the system
was correct in 99.5% of all cases in dataset 1 and 97.5% in dataset 2.

4.7 Summary

In this section, we presented a multi-model hypothesis tracking approach to track
groups of people. We extended the original MHT approach to incorporate model hy-
potheses that describe track interaction events that go beyond what data association
can express. In our application, models encode the formation of groups during split,
merge, and continuation events. We further introduced a representation of groups
that includes their shape, and employed the minimum average Hausdorff distance to
account for the shape information when calculating association probabilities.

The proposed tracker has been implemented and tested using a mobile robot
equipped with a laser range finder. The experiments with up to 20 people form-
ing groups of different sizes demonstrated that the system is able to robustly track
groups of people as they undergo complex formation processes. Given ground truth
data reflecting true interactions of people with over 12,000 labeled occurrences
of people and groups, the experiments showed that the tracker could reproduce
such processes with a low clustering error and estimate the number of people in
groups with high accuracy. They also showed that in comparison with a memory-
less single-frame clustering, our system performs significantly better in determining
which people form a group.
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5 Conclusion

This article presented techniques for detecting and tracking people and groups of
people with a mobile robot. The problem has been addressed using two-dimensional
range data, as they are robust over the wide range of conditions that service robots
encounter in real-world applications.

This sensor modality poses novel problems for people detection and tracking that
have been addressed in this article. First, and in contrast to past approaches in the
literature that mostly used hand-tuned classifiers, we presented a boosting approach
based on AdaBoost to learn a strong classifier for people in range data. The al-
gorithm combines a set of weak classifier computed from simple geometrical and
statistical features for groups of neighboring laser beams that correspond to legs of
people. The method has been implemented and applied in cluttered office environ-
ments. In practical experiments carried out in different environments we obtained
worst-case detection rates of over 90%, clearly outperforming an alternative heuris-
tic classifier.

Based on detected legs, we then addressed the tracking problem in the second
section of the article. We employed a multi-target tracking framework that uses leg
observations to infer the motion state of people. To achieve robust data association,
we chose the Multiple-Hypothesis Tracking (MHT) framework and extended it to
incorporate adaptive occlusion probabilities. The experiments using a stationary and
a moving robot demonstrate that the approach was able to robustly track multiple
people based on observations of their legs, also over lengthy occlusion events. The
results further showed that our adaptive approach outperforms an MHT with fixed
occlusion probabilities, since the latter overly delays track deletion and produces a
high level of ambiguity coupled with an explosion of the number of hypotheses.

For the case when many people are present in an environment, we addressed the
group tracking problem in the third section of this article. In this approach, the joint
state of groups of people can be tracked, which reduces computational costs and can
also reveil information about the social relation between people. We posed the group
tracking problem as a recursive multi-hypothesis model selection problem in which
we hypothesize over both, the partitioning of tracks into groups (models) and the as-
sociation of observations to tracks (assignments). In our application, models encode
the formation of groups during split, merge, and continuation events. The experiments
with up to 20 people forming groups of different sizes demonstrated that the system
is able to robustly track groups of people as they undergo complex formation pro-
cesses. Given ground truth data reflecting true interactions of people, the experiments
showed that the tracker could reproduce such processes with a low clustering error
and estimate the number of people in groups with high accuracy. The experiments
also demonstrated the ability of the approach to recover the actual social grouping of
interacting people when compared to the ground truth. Interestingly, it was found that
the clustering threshold for detection that produces the best tracking results appears
consistent with the Proxemics theory from social psychology.

The work presented here employed 2D range data from a planar laser scan-
ner. Such sensors are well established in many robotics applications due to their
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accuracy, robustness and ease-of-use. Future work in people detection and tracking
will account for the increasing availability of inexpensive 3D range and RGB-D sen-
sors. They offer the advantage of much denser information on targets, some of them
even provide built-in RGB data that allow for on-line learning of target-individual
appearance models.
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