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The purpose of technology is to upgrade the quality of human life. In recent years, the
advancement of computer technology brings computer into human daily activities, and makes
computer an essential part of modern life. Digital services are also more and more popular. The
appearance of the embedded system, information appliances, and home control network has brought
various kinds of computer applications into human life.

For this purpose to provide better life quality through computer integrated digital services, we
propose a multi-sensing multimodal intelligent environment as the platform to provide digital
services. One important task of the vision system in e-space application is to keep track of the
trajectory and position of the human for further processing. Under this consideration, we aimed at
developing a multi-person tracking system to detect and track indoor persons seamlessly. First, a
framework integrating background model and motion information is used to perform the foreground
segmentation and motion estimation simultaneously. Then, a hierarchical template database is
utilized to detect the human in the obtained foreground mask. Finally, an approach based on
Bayesian filtering is to track multiple targets with occlusion effect. Human pose estimation is an
important topic for providing friendly user interface. Here, the RIMCMC mechanism with
data-driven algorithm is utilized to search the solution efficiently and effectively. In order to make
the system robust to different view of angle, we propose an approach using multiple cameras with
templates to achieve effective and efficient pose estimation.

To achieve context-aware, a multi-agent architecture is proposed here to robustly perform
many tasks and integrate many sensors including camera, light, and pressure floor sensors in
intelligent space. Furthermore, a Bayesian network is used to infer the user preference by gathering
the information from these sensors to provide more suitable and comfortable services. Here, we
develop a system to learn a multiple users’ preference model that represents relationships among
users as well as dependency between services and sensor observations. Thus, the service can be
inferred based on the learnt model. To achieve this, we propose a three-layer model in our work. At
the first layer, raw data from sensors are interpreted as context information after noise removal. The
second layer is dynamic Bayesian networks which model the observation sequences including
inhabitants’ location and electrical appliance (EA) information. At the highest layer, we integrate
second layer’s environment information and the relations between inhabitants to provide the service
to inhabitants. Therefore, the system can infer appropriate services to inhabitants at right time and
right place, and let them feel comfortable. In experiments, we show our model can provide reliable
and appreciate services to inhabitants in a smart home environment.

To achieve context-aware, a multi-agent architecture is proposed here to robustly perform
many tasks and integrate many sensors including camera, light, and pressure floor sensors in
intelligent space. The architecture of a conventional smart home is usually server-centric and thus



causes many problems. Mobile devices and dynamic services cause the dynamically changing
environment, which can result in very difficult interaction. In addition, how to provide services
efficiently and appropriately is always an important issue for a smart home. To solve the problems
caused by traditional architectures, to deal with the dynamic environment, and to provide
appropriate service, we propose a service-oriented architecture for smart home environments, based
on OSGi and mobile agent technology. This architecture is a Peer-to-Peer model based on multiple
OSGi platforms, in which service-oriented mechanisms are used for system components to interact
with one another, and mobile agent technology is applied to augment the interaction mechanisms.

Keywords: Tracking, Bayesian Filtering, RIMCMC, Posture Estimation, Intelligent
Environment, Bayesian Network, OSGi.
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