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Abstract—Human action recognition has been well studied
recently, but recognizing the activities of more than three
persons remains a challenging task. In this paper, we propose a
motion trajectory based method to classify human group
activities. Gaussian Processes are introduced to represent
human motion trajectories from a probabilistic perspective to
handle the variability of people’s activities in group. With
respect to the relationships of persons in group activities, three
discriminative descriptors are designed, which are Individual,
Dual and Unitized Group Activity Pattern. We adopt the Bag
of Words approach to solve the problem of unbalanced
number of persons in different activities. Experiments are
conducted on the human group-activity video database, and
the results show that our approach outperforms the state-of-
the-art.
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L.

Action analysis is an important topic in computer vision
community, and many notable works have been done in
recent years. But the majority of previous studies focus on
actions of single subject [1, 3] or between pair of subjects
[2]. And for these methods, successful extraction of good
features is important. Generally speaking, two types of low
level features are often applied to action recognition. One is
the local motion feature such as space-time interest point
proposed in [4]. Another is the global shape feature, as Liu et
al. [3] treated actions as 3-D volumes and introduced the
spin-image to describe the shape information.

In this paper, we focus on the actions of more than three
people involved, which are referred to as the group activities.
In such group activities, the number of people is changing
and the interactions between persons are more complicated,
as shown in Fig. 1, which make recognizing group activities
more challenging. In this regard, low level features for
classic actions do not fit this task well. For typical group
activity videos with overhead view and proper subject size,
such as surveillance videos, the activity can be represented
properly by the motion trajectories of moving subjects. Ni et
al. [5] proposed a promising approach based on motion
trajectories. They applied filters on trajectories and took the
responses as features for recognition. And Sillito et al. [6]
compared four techniques previously adopted to represent
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Figure 1.
down, there are run-in-group, gather, stand-talk, walk-in-group, ignore and
fight. It is best viewed in color.

Samples of human group activities. From left to right and top to

motion trajectories. All those methods were highly restrictive
approximations of motion trajectories. However, the motions
of people who participate in group activities vary inherently,
and previous methods have not seized this variety properly.
In this paper, we introduce the Gaussian Processes to model
the motion trajectories, and handle the uncertainty of
motions from the probabilistic perspective. The most similar
work to ours in the motion representation is [7], but their
target is long term motion prediction.

With respect to the relationships of persons in group
activities, we present three discriminative descriptors based
on the motion trajectories. However, how to combine these
features effectively is also an open issue. In this paper, two
basic MKL methods [8] are adopted to compare with the
feature vectors concatenation. Our approach is tested on
group-activity video database and gain impressive promotion
of the performance.

II.

In this section, we introduce Gaussian Process (GP)
briefly and how we use it to model motion trajectories. As
pointed out in [9], Gaussian distribution is over vectors,
while Gaussian Process is over functions. A function f that
distributed as a GP can be denoted as

f~GZ(mK) (1
It can be found that a GP is fully defined by its mean
function m and covariance function K. In this paper, the
points of a motion trajectory, which are the locations of a
person, is a function of time f{¢r). And we could consider the
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motion trajectory as a GP, over the time-location function
f(#). So a motion trajectory can be defined as

T(t)= f(t)+€, €~ N(0,07)
7(t) ~ GP(m,%), 3=K + >3, ©)

where ¢gis a Gaussian noise with zero mean and variance of
0.2, and J;- is the Kronecker’s delta [9] (i and i’ specify the
two inputs of K). To represent trajectories, we need to find
what the GPs are with the help of data. Here GP regression
is applied to figure it out. We assume the GPs are zero-mean,
that is m=0, and we apply the squared exponential (SE)
covariance function, which is denoted as

n2
K(x,x)=0, exp(- (Xz'l’z‘) ] 3)
where o is the expected variance of function f and / is the
characteristic length scale. Under the settings in Eq. (2) and
Eq. (3), we have introduced the hyper-parameters 0 = {0/, [
, 0, }. And 6 can be predicted with the trajectory data by
optimizing the log likelihood below:

L=log p(T|1,0) = —%log‘Z‘ —%TTZ’IT—glog(Ziz) )

In this paper, we follow the optimization routine in [9] to
find the appropriate hyper-parameters.

Fig. 2 shows our trajectory representations. All the red
lines in the three parts are the real motion trajectories. In this
figure, (a) displays a person’s trajectory in the space-time
space, (b) and (c) demonstrate the GP representations for this
trajectory of the spatial x/y axis fields respectively. To
represent the trajectory, GP regressions are applied on the
data of its x/y fields. And the fitted GP models are visualized
that the darkness identifies the certainty of GP regression. As
the area is darker, the certainty is higher. And as the nature
of GP, vertical profiles of (b) and (c) satisfy the Gaussian
distribution.
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Figure 2. Gaussian process representations of motion trajectory

III.  OUR APPROACH

We propose a trajectory based approach for human group
activity recognition in this paper. GP regression and motion
analysis are adopted to describe activity patterns. Features
are normalized to the same length vectors by the method of
Bag of Words and sent to Support Vector Machine for
classification. As shown in Fig. 3, there are three procedures
in our approach.

In preprocessing phase, we obtain spatial-temporal
positions of people in the activities by tracking them
individually. As tracking in complex scene is still a
challenging task, we cut videos into small segments and
adopt a semi-supervised tracking method [5].
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Features based on motion trajectories are extracted in the
second phase. Gaussian Process regression is applied on the
trajectory segments and local motion information is
calculated according to the three descriptors introduced in
Subsection 4. As the number of people varies from video to
video, and even from segments of the same video (as persons
may come into or go out of scene), we obtain varying
amount of features from video segments. The Bag of Words
method is applied here to solve the problem and finally we
represent a group activity video as a normalized histogram.

In the last phase, kernel-based machine learning method
is adopted to train the classifiers. Distances between group
activity representations are measured by y* kernel. For the
three types of features, we employ two strategies for their
combination. One is directly concatenating the feature
vectors and the other is introducing the Multi-Kernel
Learning (MKL) approach. With the latter strategy, we
calculate kernels for each type of features and adopt two
basic MKL methods, averaging and product [8], to combine
the kernels. Then Support Vector Machine (SVM) is applied
for classification with the processed kernels.

A. Descriptors for Group Activity Pattern

With respect to the relationships of people in group
activities, we design three descriptors to represent the Group
Activity Pattern (GAP). The GAP is analyzed from two
aspects: global sustaining motion and local transient motion.
By applying GP regression on motion trajectories, we obtain
the global motion information from the hyper-parameters 0
in Eq. (4). For local motion analysis, firstly, the
instantaneous velocity is approximated by the difference of
positions in successive frames. Then the mean value of
absolute velocities and the velocity ratio are adopted to
represent the local transient motion pattern. The mean value
of absolute velocities reflects the intensity of the activity.
And the velocity ratio depicts the complexity of the activity.
The definition of the velocity ratio is:

r= ‘mean(;)‘/mean(‘\—/‘) 5)

5
where v is the instantaneous velocity vector. The ratio
measures the change rate of velocity direction. The
followings are the details of these descriptors:

Individual GAP: We treat every person in a group
activity as an individual entity and represent their motion
patterns respectively. A trajectory is split into two fields
according to the x/y axis. For each field, we apply GP
regression and motion analysis to obtain a 5-D feature
vector, as GAP = [6, v,,, r]. 8 is the 3-D GP hyper-parameters
vector, v, is the absolute velocity mean, and » stands for the
velocity ratio. Individual GAP is the minimal granularity for
semantic activity patterns. It determines the basic activity
type, for example, if all persons are walking, the group
should be doing walk-like activity, but not fighting.

Dual GAP: Here two persons are considered as a pair.
Patterns of pairs are the medium granularity representations,
describing the interactions. To express these interactions, we
construct the bi-trajectory, which is an abstract trajectory.
The bi-trajectory is composed of differences between two
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Figure 3. Our approach for human group activity recognition

related persons’ trajectories, as t,,=t,-t,. Position points are
also split according to axes, and the bi-trajectories are
processed by the same method used in Individual GAP. So
we obtain two 5-D feature vectors for each bi-trajectory.

Unitized GAP: As the maximal granularity of pattern,
Unitized GAP is designed by regarding group of people as a
whole. Accordingly, multi-trajectory is defined, as a
combination of all bi-trajectories in a group activity,
expressed as m~={ t,,| a,b € GA, and a7*b}, where G4 is a
group activity. We treat the statistical information of m, as
the pattern. Two statistics, mean value and standard
deviation, are adopted in this paper. Actually the statistics
are also time sequential data, so we take them as abstract
trajectories and the same methods mentioned above can be
applied here.

As presented above, all GAPs can be represented by a 10-
D vector (concatenating two 5-D vectors). They describe the
group activity patterns in different granularities and seize
two types of information: the global sustaining motion,
which depicts the “shape” of activities, and the local
transient motion, which draws the “appearance” of activities.

IV. EXPERIMENTS

Our approach is verified on the human group-activity
video database announced by [5]. There are 476 labeled
videos from six categories demonstrated in Fig. 1, and each
video contains 4-10 actors. The database is divided for
training and testing with two strategies. One is to divide each
activity category of videos into five sessions according to
different scenario settings, and apply leave-one-out (LOO)
strategy. The other is to split the database into
training/testing sets randomly with the proportion of 80/20.
And each video clip is cut into segments with 50-frame
length, to reduce the difficulty of tracking and balance the
impact of motion trajectories from the videos with different
time length. Based on the motion trajectories, original
features are extracted according to the three types of GAP
descriptors, and then are clustered by k-means respectively,
to generate the feature vocabulary. After that, the features are
quantized to feature words, and videos are represented as the
frequency hlstograms of the feature words For classification,
LIBSVM [10] is employed with the »* kernel. Videos are
also sampled to different resolutions to study the effect on
the performance of our approach.

All of the experiments run 10 rounds under the same
settings respectively and the average performance is
reported. Fig. 4 shows the confusion matrices of
classification results under LOO strategy of database
partition. Names of group-activity categories are shortened

by the initials, such as “F” stands for “fight”. The results are
generated from videos of the spatial resolution of 360 pixels
in width and the average precisions are listed in the brackets
of each subtitle. It’s observed that our approach reaches a
satisfying performance on this database. Moreover, Dual
GAP and Unitized GAP gain better precisions than
Individual GAP, which shows that the interaction
relationships are more proper to represent group activities.
But we should also notice that Individual GAP itself can
reach the precision higher than 75%. This illustrates that our
trajectory based descriptors with Gaussian Processes are
discriminative for group activities, and we believe it is due to
representing trajectories from probabilistic aspect and
combining the global and local motion information. The
performance is improved for most of the categories by
concatenating the three GAPs features and the average
precision reaches about 91.7%. The improvements against
three GAPs are about 15.5%, 6.1% and 4.5% respectively,
which is impressive. The classification precision varies
among activity categories, and the worst result comes from
“walk-in-group”. It may be confused with “run-in-group” in
the global motion pattern and be similar to “ignore” and
“stand-and-talk on the local motion pattern.

We vary the vocabulary size from 20 to 160 for the
concatenation features, and the influence to the performance
is shown in Fig. 5. The precision is stable when the
vocabulary size is larger than 60. Meanwhile, the
performance under different video resolutions is also
measured. Videos with resolutions of 180, 360 and 720
pixels in width, as the legend in Fig. 5, are applied in our
recognition approach respectively. As observed in the
results, the performance shows no remarkable difference
among diverse resolutions. But potentially for the noise
removal, the resolution of videos is lower, and the average
performance gets slightly better. We believe the recognition
precision would not keep rising, but start to fall after the
resolution downs to some point, as the motion information is
also lost with noise.

Compared with previous work on this database, we
achieve significant improvement, as shown in Fig. 6. Under
the same experimental settings, the best average precision is
73.5% by the method proposed in [5] and 91.7% by our
method. Strategy 1 and 2 are LOO and random splitting
respectively. The latter strategy performs better, partially
because the “tough” instances are assigned to training set
more times. The effectiveness of feature combining methods
is also illustrated in Fig. 6, with diverse colors. And we can
find that the MKL methods work almost the same as the
feature vector concatenation in this dataset.
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(a)Individual GAP (76.23%)

(b)Dual GAP (85.67%)
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(c)Unitized GAP (87.26%) (d)Concatenation (91.74%)

Figure 4. Confusion matrices of classification results
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Figure 6. Recognition performance comparison

V.

In this paper we propose an approach for group activity
recognition based on human motion trajectories. Different
from the previous works, we introduce Gaussian Processes to
represent the motion trajectories. We also propose three
powerful descriptors which combine the global and local
motion information. Our approach is verified on the human
group-activity video database and notable improvement of
the recognition performance is achieved.

Future work will be focused on improving our
recognition approach in real life scenarios and expanding to
more valuable group activity categories. The effect on
recognition accuracy with the number of people involved in
an activity will also be considered.

CONCLUSION
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