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Abstract 

Automated understanding and analysis of activities, a central task for visual 

surveillance, has become an important area of research. This is mainly due to 

the growth in surveillance of places such as large building complexes, railway 

stations, military facilities and public spaces. Computers can analyse motion 

patterns of objects to understand typical activities, learn semantically meaningful 

scene structures (such as paths commonly taken by objects), and detect deviant 

behaviour. As larger and more complex areas come under visual surveillance, 

manual analysis of activities becomes increasingly infeasible. At the same time, 

automated analysis of activities becomes more and more challenging. This has 

led to an increase in various aspects of automated analysis of surveillance videos 

that need to be addressed. 

In this thesis, we develop several unsupervised frameworks using Bayesian 

network, called topic models, to automatically discover activities from compli-

cated and crowded scenes using low level motion patterns. Using these unsu-

pervised frameworks we address some aspects of automated analysis of visual 

surveillance, such as, discovering group activities in single view camera, learn-

ing global activities across multiple cameras, and finding the time dependent 

behaviour of activities. 
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Most of the existing approaches in visual surveillance for activity analysis 

are unable to model complex activities as they rely on simple probabilistic mod-

els, predefined rules, data specific heuristics, or elaborate feature extraction that 

fail for complicated scenes. In crowded scenes it is difficult to track objects and 

separate different types of co-occurring activities because of frequent occlusions. 

Our proposed frameworks do not rely on detection of objects, tracking of objects, 

or appearance features. Our frameworks can work with several low level features 

that can encode local motion patterns. Our topic models can structure depen-

dency amongst a large number of variables to model complex activities. Any 

known knowledge about the data or scene can be incorporated into the frame-

work as priors. We propose several topic models that are suitable for different 

aspects of surveillance and camera deployments. 

We first propose a framework for single camera deployments that monitor 

fixed views, which are typically crowded. Crowded scenes are characterised by 

multiple co-occurring activities. It is difficult to separate individual activities 

and determine which of them co-occur frequently as group activities. We use a 

topic model that has a two layer hierarchical latent structure to correlate indi-

vidual activities in lower layer with the group activity in the higher layer. Our 

model considers each scene to be composed of a mixture of group activities rep-

resented as a multinomial distribution. Each group activity is in turn composed 

as a mixture of individual activities represented using multinomial distributions. 

Each individual activity is represented as a distribution over local motion fea- 
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tures. We show that using this approach we are not only able to discover the 

usual activities present in a scene but can also extract the hidden association of 

these activities among themselves. 

Next, we extend the above framework for multiple cameras deployment that 

monitors fixed views over a wide space. We assume that the topology of camera 

views is arbitrary and unknown. The field of views may have no overlap or any 

amount of overlap and the cameras need not be perfectly synchronised. We pro-

pose to use local motion features of individual camera views to jointly discover 

intra camera local activities and inter camera global activities without relying on 

any object appearances, finding camera correspondence or stitching tracks. We 

use a topic model having two level latent structure that considers global activi-

ties to be composed from camera specific local activities. It discovers activities 

localised to a camera as multinomial distributions over the local motion features 

of that camera. The higher level structure considers global activities as weighted 

mixture of local activities and uses a mixture of multinomials to model the com-

position. We experiment with multi-camera surveillance videos and show that 

our framework can discover camera specific local activities along with global ac-

tivities across cameras without solving camera correspondence problem, knowing 

camera topology or camera calibration. 

Next, we propose a framework for cameras with fixed views that also ob-

serve the time of occurrence of scenes. These type of deployments are common 
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in places like banks, malls etc., where normal day time activities are considered 

`abnormal' during night. We use a topic model that not only discovers the ac-

tivities but also their dependence over time. We propose to use agglomerative 

clustering on optical flow vectors to code direction and spatial information. In 

this model each activity is associated with not only a mixture distribution over 

these cluster occurrences but also on the distribution over time stamps of their 

occurrences. Our model can discover activity prominence at several scales rang-

ing from few minutes to years. We demonstrate the effectiveness of our approach 

on multiple surveillance videos. 

Finally, we conclude with some observations and suggestions for future 

work. 
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