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Abstract. In this paper, a new network-based (NB) algorithm is proposed for 
human group activity recognition in videos. The proposed NB algorithm 
introduces three different networks for modeling the correlation among people 
as well as the correlation between people and the surrounding scene. With the 
proposed network models, human group activities can be modeled as the 
package transmission process in the network. Thus, by analyzing the energy 
consumption situation in these specific “package transmission” processes, 
various group activities can be effectively detected. Experimental results 
demonstrate the effectiveness of our proposed algorithm. 
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1   Introduction 

Detecting human group activities or human interactions has attracted increasing 
research interests in many applications such as video surveillance and human-
computer interaction [3-7]. Some typical group activities of interest include people 
being followed, people gathering together, and person leaving a group in a party. 

There have been many researches on group activity recognition. Zhou et al. [6] 
detect pair-activities by extracting the causality features from bi-trajectories. Ni et al. 
[7] further extend the causality features into three types including individuals, pairs 
and groups. Cheng et al. [4] use the Group Activity Pattern for representing and 
differentiating group activities where Gaussian parameters from trajectories are 
calculated from multiple people. Lin et al. [5] use group representative to represent 
each group of people for detecting the interaction of people groups such that the 
number of people can vary in the group activity. However, while these methods 
suitably handle the interaction among people, many of them neglect the relationship 
between people and their surrounding scene. Thus, they may have limitations when 
detecting the scene-related activities. Furthermore, their abilities for detecting 
complex activities (such as people first approach and then split) are also limited. 



 Although some methods [1, 3, 9] can recognize the group activity as well as the 
scene-related activity by using some pre-designed graphical models such as the 
layered Hidden Markov Model (HMM) [3], they often require large amount of 
training data in order for working well. Besides, the restricted graphical structure used 
in these methods may also limit their ability to handle various unexpected cases.  

In this paper, we propose a new network-based (NB) algorithm for recognizing 
human group activities. The proposed framework first introduces three different 
networks for modeling the correlation among people as well as the correlation 
between people and the surrounding scene. With the proposed network models, 
human group activities can be modeled as the package transmission process in the 
network. Thus, by analyzing the energy consumption situation in these specific 
“package transmission” processes, various group activities can be effectively detected.  
Our NB algorithm is flexible and capable of handling both the interactions among 
people and the interaction between people and the scene (e.g., differentiating whether 
a person is moving or following irregular paths in the scene). Experimental results 
demonstrate the effectiveness of our proposed algorithm.  

The rest of the paper is organized as follows: Section 2 describes the framework of 
our proposed NB algorithm. Section 3 describes the detailed implementations of our 
NB algorithm for group activity recognition. The experimental results are shown in 
Section 4 and Section 5 concludes the paper.   

2   Framework of the NB Algorithm 

In this section, we will first describe the basic idea of our proposed network-based 
(NB) group activity recognition algorithm, and then describe the framework of NB 
algorithm. 

2.1   Basic idea of the algorithm 

The basic idea of our NB algorithm can be described by Fig. 1 and Fig. 2. In order for 
detecting the interaction between people and the surrounding scene, the NB algorithm 
first divides the entire scene into patches where each patch is modeled as a “node” in 
the network (as in Fig. 1). Based on this network, the process of people moving in the 
scene can be modeled as the package transmission process in the network (i.e., a 
person moving from one patch to another can be modeled as a ‘package’ transmitted 
from one node to another, as the red trajectory in Fig. 1). By this way, various human 
activity recognition problems can be transferred into the package transmission 
analysis problem in the network.  

Furthermore, when detecting the interactions among people, a similar “relative” 
network can be modeled for handling the task. For example, as in Fig. 2, the relative 
network can be constructed where one person is always located in the center of the 
network and the movement of another person can be modeled as the package 
transmission process in this “relative” network based on his relative movement to the 
network-center person. By this way, the interaction among people can also be 



effectively modeled. recognized by evaluating different transmission energies in our 
network-based model. 

With these network-based models, one key problem is how to use this model for 
recognizing activities. We further observe that if we model the process of person 
moving among patches as the ‘energy’ consumed to transmit a package, the activities 
can then be differentiated with these ‘transmission energy’ features. For example, we 
can differentiate whether a person is moving in the scene based on his consumption 
energy value. Thus, by carefully modeling and analyzing the networks, various group 
activities can be the effectively detected.  
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Fig. 1. (a) Divide the scene into patches. (b) Model each patch in (a) as a node in the network 
and the edges between nodes are modeled as the activity correlation between the corresponding 
patches. The red trajectory R(u, q) in (a) is modeled by the red package transmission route in 
(b). (Note that (b) can be a fully connected network (i.e., each node has edges with all the other 
nodes in the network). In order to ease the description, we only draw the four neighboring 
edges for each node in the rest of the paper) (best view in color).  

 
 

 
Fig. 2. Constructing relative networks for modeling people interactions. Upper: the locations of 
the two people in two different frames (the dashed patches are divided by making the red-
circled grey person at the network center). Down: the transferred networks of the upper frames 
(the red-circled grey node and the blue-circled dotted node are the locations of the two people 
in the network). The location of the red-circled grey person is fixed in the network while the 
location of blue-circled dotted person in the network is decided by his relative location to the 
red-circled grey person. 



From the above discussions, we can outline the basic idea of our proposed NB 
algorithm as follows: 
(1) The entire scene is divided into patches for constructing a network. In this 

network, each node represents a patch and each edge represents the transmission 
energy when moving between the corresponding nodes. The transmission energy 
can be modeled by the activity correlation between the corresponding patches.  

(2) For modeling the interaction between people and their surrounding scene, the 
scene-related network is constructed where each patch is fixed in the scene and a 
package transmitted in the network can represent a person moving in the scene.  

(3) For modeling the interaction among people, relative networks are constructed by 
fixing the location of one person in the network and derive the locations of other 
people based on their relative movements to the location-fixed person. Thus, 
interactions among people can be detected based on the transmission energy 
consumption in this relative network.  

2.2   The framework 

Based on these outlines, we can draw the framework of our proposed NB algorithm as 
in Fig. 3. In Fig. 3, the part in the dashed rectangular is the training module while the 
four blocks on the top are the testing process.  
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Fig. 3. The framework of the NB algorithm. 

 
In the training module, the scene is first divided into patches where each patch is 

modeled as a node in the network. Then the activity correlations between patches are 
estimated based on the training data and these activity correlations will be used as the 
edge values in the network. With these patches and edges, the transmission networks 
can be constructed. At the same time, the activity detection rules are also derived 
from the training data for detecting activities of interest during the testing process. 

In the testing process, after extracting the activity trajectories of the people, their 



corresponding transmission energies are first calculated based on the constructed 
network. Then, these transmission energies are analyzed and the activity detection 
rules will be applied for detecting the activities.  

Furthermore, several things need to be mentioned about our NB algorithm. They 
are described in the following: 
(1) Although there are other works [1, 9] trying to segment the scene into parts for 

activity recognition, our NB algorithm is different from them in: (a) our NB 
algorithm construct a package transmission network over the patches while other 
works [1, 9] use graphical models for recognition. While the fixed structures of 
the graphical models [1, 9] may limit their ability to handle various unexpected 
cases, our fully-connected transmission network is more generalized and flexible 
for handling various scenarios; (b) With the transmission network model, our NB 
algorithm is robust to the patch segmentation styles (e.g., in this paper, we just 
simply segment the scene into identical rectangular blocks as shown in Fig. 1). 
Comparatively, the graphical model-based methods normally require careful 
segmentation of the scene [1, 9]; (3) We also propose to construct relative 
networks for modeling the interaction among people, which has not been used in 
the previous works [1, 9]. 

(2) From Fig. 3, it is clear that the steps of “calculate the energy between patches” 
and “activity detection rules” are the key parts of our NB algorithm. Therefore, in 
the next section, we will describe the detailed implementations of our algorithm 
in group activity recognition. 

3   The Implementation of the NB Algorithm in Group Activity 
Recognition 

In the group activity recognition scenarios, we want to recognize various group 
activities such as people approach each other, one person leaves another, and people 
walk together. As mentioned, when recognizing the interaction among people, the 
relative networks can be constructed as in Fig. 2. At the same time, since some group 
activities also include the relationship between people and their surrounding scene 
(e.g., we need to recognize whether a person is moving or standing still in the scene in 
order to differentiate activities such as both people walk to “meet” or one person 
stand still and another one “approaches” him), a scene-related network is also 
necessary. Therefore, in this section, we propose to use two types of networks for 
representing group activities. The detailed implementation of the key parts in Fig. 3 
for group activity recognition can be described in the following.  

3.1   Construct networks  

In this paper, we construct three networks for recognizing group activities: the scene-
related network, the normal relative network, and the weighted relative network. The 
scene-related network is used to model the correlation between people and the scene 
and it can be constructed as in Fig. 1. The normal relative network and the weighted 



relative network are used for modeling the interaction among people and they can be 
constructed by fixing the location of one person in the network and derive the 
locations of other people based on their relative movements to the location-fixed 
person, as in Fig. 2. Besides, the following two points need to be mentioned about the 
networks. 
(1) The structures of the normal relative network and the weighted relative network 

are the same. They only differ in the edge values (i.e., the energy when moving 
between the corresponding nodes).  

(2) Note that the scene-related network is a non-directional network (i.e., the energy 
consumption when moving from patch i to j is the same as moving from j to i). 
However, the normal relative network and the weighted relative network are 
directional networks (i.e., the energy from i to j is different from j to i). This point 
will be further described in detail in the following sub-sections. 

3.2   Calculate the energy consumption for people activities 

In this paper, we propose to calculate a set of transmission energies from the three 
networks for describing group activities. For the ease of description, we use two 
people group activity as an example to describe our algorithm. Multiple people 
scenarios can be easily extended from our description. The total transmission energy 
set for two people group activity can be calculated by: 
 

[E1(u1,q1), E2(u2,q2), ENR(u2-u1,q2-q1), EWR(u2-u1,q2-q1)]            (1) 

 
where E1(u1,q1) and E2(u2,q2) are the total transmission consumption for person 1 and 
person 2 in the “scene-related” network, respectively. And they can be calculated by 
Eqn. (2).  
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where Rc(um, qm) is the current trajectory for person m with um being the starting patch 
and qm being person m’s current patch. Also e(i, j) is the Direct Transmission (DT) 
energy for the edge between patches i and j (i.e., the energy used by directly 
transmitting a package from patch i to j without passing through other patches). 

Furthermore, ENR(u2-u1,q2-q1) in Eqn. (1) is the total transmission consumption in 
the “normal relative” network where R(u2-u1,q2-q1) is the relative trajectory of person 
2 with respect to person 1. And EWR(u2-u1,q2-q1) is the total transmission 
consumption in the “weighted relative” network. ENR(u2-u1,q2-q1) and EWR(u2-u1,q2-
q1) can be calculated by Eqn. (3). 
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where enr(i, j) and ewr(i, j) are the Direct Transmission (DT) energy from patch i to j 
in the normal relative network and weighted relative network, respectively. The 
calculation of e(i, j), enr(i, j) and ewr(i, j) will be described in detail in the next sub-
section.  

3.3   Calculate the DT energy (edge value) between patches 

The DT energy (i.e., edge) between patches for the three networks is shown by Fig. 4.  
For the scene-related network, since we only need it to detect the movement of the 

person in our scenario, we simply set all the DT energies to be 1, as in Fig. 4 (a). Note 
that we can also extend the DT energy calculation method for detecting more 
complicated scene-related group activities (e.g., we can estimate different DT energy 
values according to the activity trajectories in the training data for detecting people 
following irregular paths).  

For the normal relative network, three DT energy values are used as shown in Fig. 
4 (b). For edges pointing toward the center node, their DT energy values enr(i, j) will 
be 1 (as the red dashed arrows in Fig. 4 (b)). For edges pointing outward the center 
node, their DT energy values will be -1 (as the blue dash-dot arrows in Fig. 4 (b)). 
And the DT energy values will be 0 for edges between nodes having the same 
distance to the center node (as the black solid arrows in Fig. 4 (b)). Since in the 
normal relative network, person 1 is fixed at the center node, the normal relative 
energy ENR(u2-u1,q2-q1) is mainly calculated by the movement of person 2 with 
respect to person 1. Based on our DT energy definition, when person 2 is moving 
close to the center node (i.e., moving toward person 1), ENR(u2-u1,q2-q1) will be 
increased. On the contrary, when person 2 is leaving the center node, ENR(u2-u1,q2-q1) 
will be decreased. By this way, the relative movement between people can be 
effectively modeled by the transmission energy.  

The structure of the weighted relative network is the same as the normal relative 
network. However, the DT energy values ewr(i, j) are “weighted” as shown in Fig. 4 
(c). For edges either pointing toward or outward the center node, the DT energy 
values will become larger when they are closer to the center node. However, these DT 
energy values differ in that edges pointing toward the center node are positive while 
edges pointing outward the center node are negative. With this weighted relative 
network, we can extract the “history” or “temporal” information of the relative 
movement between people. For example, when person 2 moves from the red node in 
Fig. 4 (c) toward person 1 and moves back, the corresponding total weighted relative 
transmission energy EWR(u2-u1,q2-q1) will be a positive value. On the contrary, EWR 
will be a negative value when person 2 leaves person 1 from the red node and then 
comes back.  
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(a)  Scene-related network         (b) Normal relative network 
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Fig. 4. The DT energy values for the three networks (note that (a) is an undirected network 
while (b) and (c) are directed networks). 

  If we take a more careful look at the three networks in Fig. 4, we can see that since 
the scene-related network is constructed based on the scene without being affected by 
the people movements, it can be viewed as an identical field where packages need to 
consume energy to move and its moving distance is proportional to its consumed 
energy. Comparatively, since the two relative networks in Fig. 4 (b)-(c) are 
constructed based on person 1, they can be viewed as the repulsive fields where 
person 1 in the network center is creating “repulsive” forces. Thus, packages need to 
consume energy in order to approach person 1 while “gain” energy when leaving 
person 1. At the same time, no energy will be consumed or gained when packages are 
revolving around person 1.  

3.4   Activity detection rules 

With the three networks and their corresponding DT energies, we can calculate the 
total transmission energy set for the input group activity trajectories, as in Eqn. (1). 
Then when recognizing group activities, we can view the total transmission energy set 
in Eqn. (1) as a feature vector and train classifiers for automatically achieving the 
detection rules. In this paper, we use Support Vector Machine (SVM) [2] to learn the 
detection rules from the training set and use it for group activity recognition. 
Experimental results demonstrate that our NB algorithm can effectively recognize 
various group activities. 



4   Experimental Results 

In this section, we perform experiments for the group activity recognition. The 
experiments are performed on the public BEHAVE dataset [10] where 800 activity 
clips are selected for recognition and people trajectories are extracted by a particle- 
filter-based tracking method [8]. Eight group activities are recognized as shown in 
Table 1. Some frames are shown in Fig. 5. 

Table 2 compares the results of the four methods: 
(1) The group-representative-based algorithm that extracting group representatives for 
detection group activities [5] (GRAD in Table 2). 
(2) The pair-activity classification algorithm based on bi-trajectories analysis which 
using causality ratio and feedback ratio as features [6] (PAC in Table 2). 
(3) The localized-causality-based algorithm using individual, pair, and group 
causalities for group activity detection [7] (LCC in Table 2). 
(4) Our proposed NB algorithm with transmission energy sets from three networks 
(NB in Table 2). 

Table 1. The group activities recognized in our experiments. 

(I) meet: two people walk toward each other. 
(II) follow: two people are walking. One people follow another. 
(III) approach: one people stand and another walk toward the first people. 
(IV) separate: two people escape from each other. 
(V) leave: one people stand and another leave the first people. 
(VI) together: two people are walking together. 
(VII) exchange: two people first gathered and then leave each other. 
(VIII) return: two people first separate and then meet. 

 
In Table 2, three rates are compared: the miss detection rate (Miss), the false alarm 

rate (FA) [5], and the total error rate (TER) [5]. The TER rate is calculated by 
Nt_miss/Nt_f where Nt_miss is the total number of misdetection activities for both normal 
and abnormal activities and Nt_f is the total number of activity sequences in the test set. 
TER reflects the overall performance of the algorithm in detecting both the normal 
and the abnormal activities [5]. From Table 2, we can see that our proposed NB 
algorithm can achieve obviously better performance than the other three state-of-art 
algorithms. This demonstrates that our NB algorithm with the transmission energy 
features can precisely catch the inter-person spatial interaction and the activity 
temporal history characteristics of the group activities. Specifically, our NB is 
obviously effective in recognizing complex activities (i.e., exchange and return). In 
Fig. 6, (a) shows two example trajectories of the complex activities, (b) shows the 
values of the major features in the PAC algorithm [6], and (c) shows the transmission 
energy (EWR) from the weighted relative network in our NB algorithm. From Fig. 6 
(b), we can see that the features in the PAC algorithm [6] cannot show much 
differences between the two complex activities. Compared to (b), our EWR energy in 
(c) are obviously more distinguishable by effectively catching the activity history 
information. 
 



 

  
(a) Leave                  (b) Follow 

Fig. 5. Example frames of the BEHAVE dataset. 

Table 2. Miss, False Alarm, and TER rates of the group recognition algorithms under 75% 
training and 25% testing 

  GRAD PAC LCC NB 
Miss(%) 11.4 12.1 18.5 0.0 Meet FA(%) 1.6 1.3 2.4 0.0 
Miss(%) 12.2 8.3 11.7 2.5 Follow FA(%) 0.9 0.8 1.4 0.2 
Miss(%) 10.3 9.0 12.8 0.0 Approach FA(%) 1.8 2.6 2.6 0.5 
Miss(%) 6.3 5.0 5.8 2.5 Separate FA(%) 1.2  0.7 1.9 0.6 
Miss(%) 5.2 4.9 9.7 5.6 Leave FA(%) 1.8 1.1 1.4 1.0 
Miss(%) 2.7 2.9 6.6 8.8 Together FA(%) 0.7 0.2 0.9 0.9 
Miss(%) 24.7 28.9 26.3 2.6 Exchange FA(%) 2.4 3.2 2.7 0.5 
Miss(%) 28.6 36.8 31.6 5.3 Return FA(%) 2.6 2.5 2.3 0.2 

TER(%) 10.7 11.1 13.8 3.4 
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Fig. 6. (a) Example trajectories for complex group activities; (b) The major feature values for 
PAC algorithm; (c) The EWR energy values by our NB algorithm. 



5   Conclusion 

In this paper, a new network-based algorithm is proposed for human group activity 
recognition in videos. The proposed algorithm models the entire scene as a network. 
Based on this network, we further model people in the scene as packages. Thus, 
various human activities can be modeled as the process of package transmission in the 
network. By analyzing the transmission process, various activities such as abnormal 
activities and group activities can be effectively recognized. Experimental results 
demonstrate the effectiveness of our algorithm.  

Acknowledgement 

This work was supported in part by the following grants: National Science 
Foundation of China grants (61001146, 61025005, 61103124), Chinese national 973 
project grants (2010CB731401), the Open Project Program of the National Laboratory 
of Pattern Recognition (NLPR), the SMC grant of SJTU, and Shanghai Pujiang 
Program (12PJ1404300).  

 

References 

1. C. C. Loy, T. Xiang and S. Gong. “Modelling activity global temporal dependencies using 
time delayed probabilistic graphical model,” Int’l Conf. Computer Vision (ICCV), pp 120-
127, 2009.  

2. C.-C. Chang and C.-J. Lin, “LIBSVM : a library for support vector machines,” ACM Trans. 
Intelligent Systems and Technology, vol. 2, no. 3, pp. 1-27, 2011.  

3. D. Zhang, D. Gatica-Perez, S. Bengio, and I. McCowan, “Modeling individual and group 
actions in meetings with layered HMMs,” IEEE Trans. Multimedia, vol. 8, no. 3, pp. 509–
520, Jun. 2006.  

4. Z. Cheng, L. Qin, Q. Huang, S. Jiang, and Q. Tian, “Group activity recognition by 
Gaussian process estimation,” Int’l Conf. Pattern Recognition, pp. 3228-3231, 2010. 

5. W. Lin, M.-T. Sun, R. Poovendran and Z. Zhang, “Group event detection with a varying 
number of group members for video surveillance,” IEEE Trans. Circuits and Systems for 
Video Technology, pp. 1057-1067, 2010. 

6. Y. Zhou, S. Yan and T. Huang, “Pair-activity classification by bi-trajectory analysis,” 
IEEE Conf. Computer Vision Pattern Recognition, pp. 1-8, 2008. 

7. B. Ni, S. Yan and A. Kassim, “Recognizing human group activities with localized 
causalities,” IEEE Conf. Computer Vision and Pattern Recognition, pp. 1470-1477, 2009. 

8. R. Hess and A. Fern, “Discriminatively Trained Particle Filters for Complex Multi-Object 
Tracking,” IEEE Conf. Computer Vision and Pattern Recognition, pp. 240-247, 2009. 

9. J. Li, S. Gong, and T. Xiang, “Discovering multi-camera behaviour correlations for on-
the-fly global prediction and anomaly detection,” Int’l Workshop. Visual Surveillance, pp. 
1330-1337, 2009. 

10. BEHAVE set: http://groups.inf.ed.ac.uk/vision/behavedata/interactions/  


