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In this paper, we address the problem of recognizing group activities of human objects based on
their motion trajectory analysis. In order to resolve the complexity and ambiguity problems
caused by a large number of human objects, we propose a Group Interaction Zone (GIZ) to
detect meaningful groups in a scene to e®ectively handle noisy information. Two novel features,
Group Interaction Energy (GIE) feature and Attraction and Repulsion Features, are proposed
to better describe group activities within a GIZ. We demonstrate the performance of our method
in two ways by (i) comparing the performance of the proposed method with the previous
methods and (ii) analyzing the in°uence of the proposed features and GIZ-based meaningful
group detection on group activity recognition using public datasets.
Keywords : Human group activity recognition; visual surveillance; machine vision; pattern
recognition.
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1. Introduction
Human activity recognition is one of the most important problems in computer
vision and has many practical applications such as human–computer interaction and
video surveillance.19 Researchers have conducted research in roughly four subproblems: (i) individual action recognition, analyzing the behavior of a single person
either by decoding changes of local or global movements13,30 or decomposing semantic body parts' movements,3,6 (ii) interaction recognition, interpreting two
people's movements,21,26,29 (iii) crowd activity recognition, mainly analyzing trajectory (or °ow) information of a large number of people,22,28 and (iv) group activity
recognition, analyzing interaction more than two people and less than crowd, which
was ¯rst addressed by Ni et al.,24 then further studied by many researchers.7,16,17,36
Particularly, recognizing a group activity is a challenging and important problem — not only because of its technical di±culties, but also because of its increasing
requirements in practical applications such as public security. In this paper, we focus
on the group activity recognition problem. In general, a group activity consists of
multiple individual activities. For example, an \approaching" activity consists of
multiple individual's \walking" activities. Therefore, in order to recognize group
activities, both local (individual) and global (group) information need to be considered together.
Previous work on group activity recognition can be categorized into two groups:
image feature-based and trajectory-based approaches. The image feature-based
approaches1,8,26 describe an activity as a collection of motion gradient features18,33
and their statistics or sparse representation.31 Therefore, sometimes a few dominant
features represent each group activity. However, because of strong dependency on
feature extraction, they are vulnerable to situations where feature extraction fails,
mainly due to occlusion or low resolution. Meanwhile, trajectory-based approaches4,20,24,27,35 focus on analyzing human activities in terms of interactions between
individual trajectories. Thus, they are more robust to occlusions or low resolution.
Zhou et al.35 analyzed interactions between two individuals using the Granger Causality Test (GCT).12 However, due to the limitations of GCT, they only focused on
the pair-activity recognition problem. In order to deal with more complex situations,
Ni et al.24 analyzed self, pair, and group causalities using local trajectory information.
However, they assumed only one group in a scene. Therefore, these methods cannot be
generalized for more complex situations such as a group of people participating in an
activity where other individuals pass by, e.g. the BEHAVE dataset.2 In order to cope
with this situation, Yin et al.32 ¯rst clustered individuals into several sub-groups by
minimum spanning tree algorithm, and then constructed a network and extracted
a histogram feature. Zhang et al.34 found sub-groups with K-means algorithm, and
then regarded group activities as a combination of sub-groups by characterizing four
types of causalities: individual, pair, behavior, and inter-group. Although ¯nding a
sub-group is helpful, how to detect a sub-group remains a challenging problem. In
particular, assuming a ¯xed number of groups in a scene is not a robust solution.
1555007-2

Int. J. Patt. Recogn. Artif. Intell. Downloaded from www.worldscientific.com
by Mr. Nam-Gyu Cho on 06/08/15. For personal use only.

Group Activity Recognition with GIZ

Proxemics theory14 has been recently used to ¯t realistic social relationship into
data in various ¯elds such as architecture and psychology. It has been also used to
analyze human interaction in surveillance environments. Cristani et al.9 and Rota
et al.25 used proxemics to infer social relation as F-formation in generated human
relationships. They analyzed the interaction of people considering the con¯guration
of objects around the bubble zone of proxemics in every time step. Gan et al.11
proposed an extended F-formation based on a heat map21 to take temporal information into consideration to ¯nd groups suitable for a photo shot. In a similar
manner, Cui et al.10 proposed Interaction Energy Potential to detect normal and
abnormal events based on the Social Force Model15 which models pedestrian's behavior. They assumed that people are aware of other people's positions and velocities
and can predict whether they will meet other in the near future. However, they
considered only an approaching event despite the fact that people are not only
meeting but also departing in the real world.
We tackle the problem of recognizing group activity by detecting meaningful
groups (e.g. where a few people are actually involved in an activity while the rest are
not) and describing it. We argue that detecting and describing a group activity need
to be carried out based on a better understanding of human behavior. Our contributions are twofold: (i) We propose a novel meaningful group detection method by
modeling proxemics. Based on this, we de¯ne a Group Interaction Zone (GIZ), and
then detect and update it in a scene so that we can suppress noisy information
incurred by human objects not involved in the target activity. (ii) We optimally
describe a group activity in a GIZ using attraction and repulsion properties inspired
by Sethi and Roy-Chowdhury27 which considered an interaction in terms of \getting
close", \away", and \keeping the same distance together". As a part of the proposed
method, we also propose two novel features, Group Interaction Energy (GIE) feature
and Attraction and Repulsion Features (ARF).
The rest of this paper is organized as follows. In Sec. 2, we introduce our proposed
methods, and Sec. 3 demonstrates experimental results. In Sec. 4, we conclude the
paper and discuss future work.

2. Method for Group Activity Recognition
2.1. GIZ detection
We ¯rst introduce a GIZ between human objects by modeling proxemics. Proxemics
is de¯ned as \the interrelated observations and theories of man's use of space as a
specialized elaboration of culture".14 According to this, an area around a person can
be divided into four categories: intimate, personal, social, and public (Fig. 1). In this
paper, we assume that an interaction between people will occur within a certain
distance. Thus, we de¯ne an Interaction Potential Zone (IPZ) according to the
proxemic's personal distance to represent a possible range of an interaction. An IPZ
is a basic unit for detecting a GIZ, as described by the following four steps (Fig. 2).
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Fig. 1.

Interpersonal zones based on proxemics.14

First, we draw an IPZ around each human object (Fig. 2(a)). Second, we calculate
the overlapping area between IPZs — the larger the overlapping region, the more
likely a group activity occurs (Fig. 2(b)). Third, we compute the ratio of the overlapping area to total area covered by interacting human objects as,
T NC
ðx ti Þ
 t ¼ S i¼1
;
ð1Þ
NC
t
i¼1 ðx i Þ

(a)

(b)

(c)

(d)

Fig. 2. Constructing a GIZ. (a) Drawing IPZs, (b) calculating overlapping area, (c) assigning GIZs and
(d) calculating features within a GIZ.
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where ðx ti Þ represents an IPZ of the ith human object, x ti is a tuple of an image
coordinate ðx; yÞ at time step t, and NC is the number of people having overlapping
IPZs. Then, we assign a GIZ ID to a set of human objects if  t   GIZ where  GIZ is a
threshold (Fig. 2(c)) that controls the likelihood of a set of human objects fall into
the same GIZ. Finally, the interaction features between every possible pairs within a
GIZ are calculated (Fig. 2(d)).
Our method is di®erent from previous group detection approaches. Extended
F-formation method,11 closely related to ours, models personal interaction area as
a fan shape with regard to the gaze direction to ¯nd group formations such as
staying in a circular (facing each other) or side by side position. Thus, it is suitable
for static situations such as \stand talking" or \gathering". In the meanwhile, our
method connects people loosely with a circular interaction area — it is not restricted
for a speci¯c viewing direction. Thus, it is suitable for dynamic situations such as
\¯ghting" where people alternate between facing and passing other people frequently. Our method is also e±cient in terms of determining the number of existing
groups automatically while clustering-based methods32,34 assume ¯xed number.
2.2. Extracting interaction features from GIZ
Attraction and repulsion properties are considered for feature extraction. The attraction property captures the tendency of people to get close to each other whereas
the repulsion property captures the opposite case. These properties are closely connected with relative distance changes. Thus, we ¯rst consider a subset of trajectory
information as follows,
T ðk1Þ

 Ti ;k ¼ ½x i

T ðk2Þ

; xi

; . . . ; x Ti ;

ð2Þ

where  Ti ;k is a variable that consists of a subset of the object i's trajectory information during k time steps. Then we calculate the relative distance between objects i
and j as,
 Tij;k ¼ dð Ti ;k ;  Tj ;k Þ;

ð3Þ

where dð; Þ returns a distance vector. The mean and variance of  Tij;k are denoted
~ Tij;k . To model a GIE, we extend the Interaction Energy Potential
as ^ Tij;k and 
10
by Cui et al. that models the likelihood of people's encounters in a near future
(i.e. the attraction property). However, inspired by Sethi and Roy-Chowdhury27
(please refer to Sec. 1), we consider both attraction and repulsion properties together in our GIE. We de¯ne a state variable ! to re°ect the in°uence of past trajectories as follows,
8
>
when ^ Tij;k >  Tij;0 ;
<1
! ¼ 1 when ^ T ;k <  T ;0 ;
ð4Þ
ij
ij
>
:
0
otherwise:
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Thus, ! represents the attraction (1) and repulsion (1). We then construct a GIE
function to model these properties with their strengths as follows,
!
ð Tij;0 Þ 2
T
E ij ¼ exp !
;
ð5Þ
2
where  is an a®ection distance between objects. We set this value same as the
distance of IPZ. The value of E ijT is correlated with the current relative distance  Tij;0 .
The response of GIE feature is visualized in Fig. 3. To calculate ARF, we ¯rst
calculate relative distance changes as,
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T ðk1Þ;0

 Tij;k ¼  Tij;0   ij

;

T ;k
^ ij

;

T ðk1Þ;0

¼ ^ Tij;k   ij

ð6Þ

T ;k
where  Tij;k represents the two properties with their magnitudes and signs, and ^ ij is
used to handle outliers. We calculate two summary values of the dynamics as,
X
T ðktÞ;1
þ ¼
I þ ð ij
Þ;
t



¼

X
t

T ðktÞ;1

I  ð ij

Þ;

ð7Þ

(a)

Restricted
Bounded
bybyGIE
GIE

(b)
Fig. 3. (a) Visualization of GIE to real data. GIE responds di®erently to di®erent activities. For example,
it has lower value to Approach where people get close to each other (attraction property). It has higher
value to Split where people get far away from each other (repulsion property). For Fighting, it shows two
di®erent responses. Thus, with ARF, we can distinguish these di®erent activities and (b) GIE's response to
 Tij;0 (color online).
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where I þ ðnÞ and I  ðnÞ are the indicator functions that return 1 when the value n is
greater than 0 and vice versa. With two additional variables  Tij;k and  Tij;k , the
magnitude and orientation of mean velocity during k time steps, we get a sevendimensional feature for ARF as,
"
#
X T ðktÞ;1
T ;k
T ;k ^ T ;k
T ;k
T ;k
¼  ;  ij ;  ;  ; þ ;  ;

:
ð8Þ
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ij

ij

ij

ij

t

ij

2.3. Causality feature
We use GCT35 feature to represent causality between human objects in temporal
space. The process of getting the causality ratio and feedback ratio features is as
follows.
Given two stationary motion trajectories, whose overall shape does not change
within a short time period, Mt and Nt , two prediction functions are modeled as
P ðmt jMtl Þ and P ðmt j Mtl ; Ntl Þ. We use kth order linear predictor,
mt ¼

k1
X

s mtls þ ";

s¼0

mt ¼

k1
X

s mtls

þ

s¼0

k1
X

ð9Þ
 s ntls þ ;

s¼0

where s , s , and  s are the regression coe±cients, " and are the Gaussian noise, k is
the number of sample, and l is the non-negative time lag to avoid over¯tting. We
used Least Square Error (LSE) method for the parameter estimation. The prediction
error is assumed to be of Gaussian noise with standard deviation of ’ðmt j Mtl Þ and
’ðmt j Mtl ; Ntl Þ. Now we calculate the Causality Ratio and Feedback Ratio by
getting ratios of the prediction errors as
’ðmt j Mtl Þ
;
’ðmt j Mtl ; Ntl Þ
’ðnt j Ntl Þ
:
Feedback Ratio : gf ¼
’ðnt j Mtl ; Ntl Þ
Causality Ratio : gc ¼

ð10Þ

In addition to the proposed features, we use Additional Features (AF): The mean
and variance of the magnitudes and orientations of absolute and relative velocity,
~ Tij;k . Finally, we get a 25-dimensional feature.
jmaxð Tij;k Þ  minð Tij;k Þj, ^ Tij;k , and 
We calculate an average of the features from every existing pair within a GIZ.
In order to describe a group activity, we ¯rst accumulate the extracted features
within a time window of size . We then learn a bag-of-words model for each group
activity class by clustering features with the K-means algorithm. Finally, we train
classi¯ers using linear SVM in \one versus all others" manner.
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3. Experimental Results and Analysis
In this section, we demonstrate the performance of our method on two benchmark
datasets: the BEHAVE2 and NUS-HGA.24
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3.1. BEHAVE dataset
This dataset provides 10 groups activity classes: InGroup, Approach, WalkTogether, Split, Ignore, Following, Chase, Fight, RunTogether, and Meet. The
groundtruth is provided for ¯ve sequences and each of them includes several classes.
Zhang et al.,34 Munch et al.,23 and Yin et al.32 used a subset of classes to demonstrate their method. We ¯rst compare the performance on the same subset of
classes, then evaluate our method on six group activity classes (Approach (A), Split
(S), WalkTogether (W), RunTogether (R), Fighting (F), and InGroup (I)). The
rest of the classes are excluded because they do not include group activities or only
contain few short sequences. We use the trajectory information provided by the
dataset.
Parameters for the implementation are chosen as follows. The personal distance
for an IPZ and  is 58 pixels, and the threshold  GIZ is 0.1. For feature extraction, the
time interval k is 13. For group activity description, the window size is set as 3
frames and the cluster size for K-means algorithm is 100. We evaluated our method
via three-folds cross-validation process due to the small number of instances for each
class (see Sec. 3.4 for detailed discussion).
We ¯rst compare our method with Refs. 23 and 34 (Table 1). Zhang et al.34
divided Approach and Split into two sub-classes such as ApproachOne and
ApproachBoth — we used the \Both" in this comparison. Our method have achieved
better performance than those of Refs. 23 and 34 for all the classes. For the comparison with Ref. 32, we considered Split, WalkTogether, Fighting, and InGroup
activities (Table 2). Our method showed better performances for Split and InGroup
activities and slightly lower for WalkTogether and Fighting. However, the overall
performance of our method was still the best.
3.2. In°uence of proposed features and GIZ
In this subsection, we analyze the in°uence of proposed features and GIZ used in our
method on six activity classes of the BEHAVE dataset. First we compared four types
Table 1. Performance comparison with
Refs. 23 and 34.
Ours
Approach
Split
WalkTogether
InGroup
Average

Ref. 34 Ref. 23

83.33
100
91.66
100
93.74
1555007-8
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79
88
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60
70
45
90
66.25
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Table 2. Performance comparison
with Ref. 32.
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Split
WalkTogether
Fighting
InGroup
Average

Ours

Ref. 32

100
91.66
83.33
100
93.74

93.1
92.1
95.1
94.3
93.65

of features, GIE, ARF, GCT, and AF with four combinations (Fig. 4): (a) GIE þ
ARF þ GCT þ AF (25-dim.), (b) ARF þ GCT þ AF (24-dim.), (c) GIE þ GCT þ
AF (18-dim.), and (d) GCT þ AF (17-dim.). Please note that the proposed features,
GIE and ARF together, signi¯cantly improved the performance on classifying confusing classes such as Approach–Split and WalkTogether–RunTogether. Thus, as we
argued in Sec. 1, using GIZ combined with proposed features helps to better describe
group activities (Figs. 5(a) and 5(b)). We also evaluated the average precision and
recall of GIZ on the BEHAVE dataset, and the results are 0:78 and 0:82, respectively.
We believe that there still exists a possibility to further improve the performance of
GIZ — thus improve the whole system.
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Fig. 4. Confusion matrices for analyzing the in°uence of features. (a) GIE þ ARF þ GCT þ AF, (b)
ARF þ GCT þ AF, (c) GIE þ GCT þ AF and (d) GCT þ AF.
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Fig. 5. Analyzing the in°uence of using GIZ. (a) With GIZ and (b) without GIZ.

3.3. NUS-HGA dataset
NUS-HGA dataset provides 476 video clips containing six group activity classes:
WalkInGroup, Gather, RunInGroup, Fight, StandTalk, and Ignore. Each instance
involves 4–8 people. Parameters for the implementation are chosen as follows. The
threshold  GIZ is 0.3. For group activity description, the window size is set as 4
frames and the cluster size for K-means algorithm is 1600. The rest are same as the
setting of the BEHAVE dataset (see Sec. 3.4 for detailed discussion). Since this
dataset provides enough number of instances, di®erent from the BEHAVE dataset,
we randomly divide the dataset into three subsets proportionally: training (40%),
validation (20%), and test (40%). The performance reported in Table 3 is obtained as
the average of the results of ¯ve rounds.
We compared the performance with Refs. 5 and 24, the state-of-the-art methods
on this dataset. Please note that Cheng et al.5 demonstrated their performance with
several variations. We compare with top two versions, Motion Features (MF) and
Motion and Appearance Fusion with adaptive weights (MAF). Our method outperforms MF, which means that the proposed motion features GIE and ARF have
discriminative power, and is competitive with MAF.
3.4. In°uence of parameters
Figure 6 shows the in°uence of major parameters on the performance: the overlapping ratio (Fig. 6(a)), the size of time window (Fig. 6(b)), and the size of codebook
Table 3. Performance comparison on the NUS-HGA dataset.

WalkInGroup
Gather
RunInGroup
Fight
StandTalk
Ignore
Average

Ours

Ref. 24

Ref. 5 (MF)

Ref. 5 (MAF)

96.62
96.4
94.8
97.5
96.11
94.78
96.03

74
40
89
89
89
64
74.16

—
—
—
—
—
—
93.2

—
—
—
—
—
—
96.2
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Fig. 6. Analyzing the in°uence of major parameters setting. (a) In°uence of the overlapping ratio  GIZ ,
(b) In°uence of the time window size and (c) In°uence of the codebook size K (the size of codebook is
depicted on each point).

(Fig. 6(c)). The in°uence of the overlapping ratio  GIZ is critical on the BEHAVE
dataset. Please note that the BEHAVE dataset contains situations we described in
Sec. 1 (e.g. where a few people are actually involved in an activity while the rest are
not); thus ¯nding sub-groups, which is decided by  GIZ , is important for this dataset.
However, the in°uence of  GIZ on the NUS-HGA dataset is not signi¯cant since most
of instances of the NUS-HGA dataset have a single group. The in°uence of codebook
size K is di®erent on each dataset. This is because of a small codebook is insu±cient
to represent the diversity of interactions in the NUS-HGA dataset5 while the
BEHAVE dataset can be relatively well represented by a small codebook.
4. Conclusions and Future Work
In this paper, we proposed a novel GIZ detection method based on proxemics to
better describe human social behavior to detect meaningful groups. When compared
to previous methods, the novelty of our method is to allow people to be connected
1555007-11
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loosely. Thus, it is more suitable for dynamic group acitivites. Then, we proposed
GIE and ARF features for representing group activities in terms of attraction
and repulsion properties. We demonstrated our method on two benchmark
datasets: the BEHAVE and NUS-HGA. Experimental results showed that our
method is more e®ective for group activity recognition on these datasets compared to other methods. As a future work, we plan to extend our method to
handle more complex activities such as bullying and apply to other datasets such
as Refs. 7 and 36.
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