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Abstract. Context-awareness enhances intelligent behaviors in perva-
sive computing environments, although it is still a great challenge to en-
able context-awareness due to lack of effective infrastructure to support
context-aware applications. In this paper, we present an agent-based mid-
dleware called CAMPS for providing context-aware services for Smart
Space in order to afford effective supports for context acquisition, rep-
resentation, interpretation, and utilization to applications. In CAMPS,
a formal context model, which combines First Order Probabilistic Logic
with OWL ontologies, has been investigated to facilitate context mod-
eling and reasoning about imperfect and ambiguous contextual infor-
mation and to enable context knowledge sharing and reuse. A context
inference mechanism based on an extended Bayesian Network approach
has been studied to enable automated reactive and deductive reasoning.
In addition, we implement a prototype and study on our experience in
smart classroom application.

1 Introduction

It’s widely acknowledged that Smart Space is a typical open, distributed and
heterogeneous pervasive computing system, which aims at creating a ubiqui-
tous, human-centric environment with embedded computers, information appli-
ances, and multimodal sensors that facilitates human to achieve task efficiently
by offering abundant information and assistance from computers. A prominent
characteristic of Smart Space for supporting human-centric computing is that
it senses and reacts to context, information sensed to characterize the situation
of the people, activities, physical environment, and computing entities that is
considered relevant to the interaction between user and application [1].

Researchers have been investigating on many research issues of context-aware
computing, e.g. context modeling, representation, context inference and knowl-
edge sharing, etc. and developing tools and architecture that make efforts to
investigate a number of effective and powerful ways to acquire, represent, and
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make use of sensed and inferred data for providing context-aware services to ap-
plications. However, developing context-aware middleware to enable computer
applications to make use of contextual information and to enhance human’s task
is still a great challenge. To address these issues above, we have built a middle-
ware called CAMPS which provides context-aware services to allow applications
in a smart space environment to be context-sensitive. Some of the key features
of CAMPS are:

– An agent-based, loose-coupling middleware that enables the gathering and
management of contextual information from various sensors and software
entities, and provides appropriate context-aware services for applications.

– A formal context model that describes and represents various kinds of con-
textual entities(e.g. person, location, activity, environment, platform, etc.)
in a smart space environment.

– A context inference mechanism that supports the deduction new and relevant
high-level contextual information to the use of the applications from low-level
sensed context data.

The rest of the paper will be organized as the following: Section 2 gives an ap-
plication scenario and presents the features of contextual information in Smart
Space. The ontology-based context model is investigated in Section 3. Section 4
describes the system architecture of CAMPS middleware and Section 5 describes
context inference mechanism. A case study on making use of context-aware ser-
vices is on discussion in Section 6. Section 7 gives related works which encourage
our approach, and finally Section 8 makes a conclusion.

2 Context-Awareness in Smart Space

Ongoing research on building context-aware application for Smart Space has
been more and more significant and compelling. We discuss the Smart Camera-
man application in our Smart Classroom system [2] in order to illustrate the
nature of context-awareness required by applications in Smart Space, and then
return to this application scenario throughout the paper in order to illustrate
our middleware architecture for supporting context-aware service.

Ross is giving a lesson in Smart Classroom. A remote student Joey is watching
the live-video of overview of the classroom on his laptop computer, while another
remote student Monica is watching it via her PDA. Ross posts a question on the
Blackboard (shared whiteboard). At that moment the live-video on Joey’s laptop
turns to the close-up of the ”Blackboard” while Monica’s PDA displays only the
question written on Blackboard. After that, Ross asks Chandler, a local student in
the classroom, to answer the question. Chandler stands up and gives his answer.
At that moment, the live-video on both Joey and Monica’s display screen turns
to the close-up of Chandler’s posture.

From the description of a context-aware application above, it’s obvious that
there are many different types of contextual information that can be used by
applications in a smart space environment, including physical contexts (e.g. time,
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location), personal contexts (e.g. identity, preference, mood), device contexts
(e.g. display size, power), activity contexts (e.g. class, meeting schedule). Besides
those, other types of information are still considered as crucial context in a smart
space environment which may be invisible to the participants e.g. systematic
contexts (e.g. CPU power, network bandwidth), and application contexts (e.g.
agents, services), environmental contexts (e.g. light, temperature), etc.

In order to distinguish the specific properties or attributes of different contex-
tual information, we consider that contexts can be classified as three categories:
Sensed Context, Profiled Context, and Derived Context. Sensed Contexts, which
are usually captured from the physical sensors in the real world, e.g. RFID, lo-
cation tracker, are a type of temporal sensitive, imperfect and ambiguous infor-
mation. Profile Contexts, which are usually predefined from user or environment
profile information, e.g. user profile, are more static but incomplete. Derived
Contexts, which are usually deduced from the other basic information, are im-
precise with inaccuracy.

3 The Context Model

It’s acknowledged that a well-designed context model plays an important role to
access the context in any context-aware system [3]. In our approach, the basic
structure of context is represented as first-order probabilistic logic in order to
measure the ambiguity of contexts, which combines the expressive power of first-
order logic with the uncertainty handling of probabilistic theory [4]. Referred as
a sharing understanding of specific domains, ontology is a formal explicit descrip-
tion of concepts and relationships [5]. In our approach, we adopt an ontology
approach to model conceptual contexts in a smart space environment for the
following reasons: i) ontologies with fully expressive power allow context rep-
resentation semantically and explicitly; ii) a common ontology enables entities
in Smart Space, e.g. agents, devices, to share, reuse and interoperate context
knowledge; iii) ontologies provide various complex efficient inference mechanism
to deduce high-level context from low-level, raw context data, and to check in-
consistent contextual information due to imperfect sensing [6].

3.1 The Basic Structure of Context

In our model, First Order Probabilistic Logic (FOPL) is adopted to represent the
basic structure of context which follows the notion of combining first order logic
and probabilistic models in machine learning community [4]. Before representing
the basic structure of context, we first introduce several definitions of terminology
Field, Predicate, ContextAtom and ContextLiteral.

– Field∈F ∗, where a Field is a set of individuals belong to the same class,
e.g., Person = {Ross, Joey, Chandler}, Room = {Room526, Room527}.

– Predict∈V ∗, where a Predict indicates the relationship among the entities
or the properties of an entity, e.g. location, coLocate.
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– ContextAtom∈A∗, where ContextAtom is represented as the form of
predicate(term, term, . . .) in which a term is a constant symbol, a variable
symbol, or a function followed by a parenthesized list of terms separated by
the commas, and a predicate acts on terms. For example, location(Ross)
indicates Ross′ location.

– ContextLiteral∈L∗, where ContextLiteral is represented as the form of
contextAtom = v in which contextAtom is the instance of ContextAtom and
v indicates the status of contextAtom or the value of the terms. For example,
location(Ross) = Room527 indicates that Ross’ location is Room527.

The structures and properties of this basic model are described in an ontology
language in order to define the conceptual contexts in rich semantic level. In our
approach, we propose to represent basic context structure in Web Ontology Lan-
guage (OWL) [7]. Influenced by Ding’s approach of representing probabilities in
OWL [8], we define two OWL classes: PriorProb, CondProb. A prior probability
Pr(L1) of a context literal L1 is defined as the instance of class PriorProb, which
has two mandatory properties: hasContextLiteral and hasProbValue. A condi-
tional probability Pr(L1|L) of a context literal L1 is defined as the instance
of class CondProb, which has three mandatory properties: hasContextLiteral,
hasProbValue and hasCondition.

3.2 The Context Ontology

In our model, we divide context ontology into two sets: core context ontology for
general conceptual entities in Smart Space and extended context ontology for
domain-specific environment, e.g. classroom domain. The core context ontology
attempts to define very general concepts for context in Smart Space that are
universal and sharable for building context-aware applications. The extended
context ontology attempts to define additional concepts and vocabularies for
supporting various types of domain-specific applications.

The core context ontology investigate seven basic concepts of user, location,
time, activity, service, environment, and platform, which are considered as the
basic and general entities existed in Smart Space as shown in Figure 1. Part of the
core context ontology is adopted from several different widely-accepted consensus
ontologies, e.g. DAML-Time [9], OWL-S [10], etc. The instance of Smart Space
consists of classes of User, Location, Time, Activity, Service, Environment and
Platform.

– User: As user plays an important and centric role in the smart space applica-
tions, this ontology defines the vocabularies to represent profile information,
contact information, user preference and mood which are sensitive to user’s
current activity or task.

– Location, Time and Activity: Note that the relevancy among location, time,
and user’s activity facilitates the validation of inconsistent contextual in-
formation because these contexts might be sensed by various sensors with
different accuracies.
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– Platform and Service: The platform ontology defines descriptions and vocab-
ularies of hardware devices or sensors, and software infrastructure in a smart
space. The service ontology defines the multi-level service specifications that
platform provides in order to support service discovery and composition.

– Environment: The environment ontology defines the context specification of
physical environment conditions that user interacts with, such noise level,
light condition, humidity and temperature, etc.

The extended context ontology extends the core context ontology, and de-
fines the details and additional vocabularies of which apply to various different
domains. The advantage of extended context ontology is that the separation of
domain reduces the scale of context knowledge and burdens of context process-
ing for pervasive computing applications, and facilitates the effective context
inference with the limited complexity [5].
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Fig. 1. Context ontology of Smart Space

4 The CAMPS Architecture

The CAMPS is an agent-based context-aware middleware that provides supports
for applications to make use of contextual information in a smart space envi-
ronment. The CAMPS middleware consist of several individual, collaborating
agents as depicted in Figure 2.

– Context Wrapper(CW) Agent. The CW Agent acquires various types of raw
context data from different sensors, devices, profiles and software agents.

– Context Provider(CP) Agent. The CP Agent abstracts context data from
heterogeneous source via different types of CW Agent, and represents con-
textual information using ontologies for knowledge sharing and reuse.
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– Inference Engine(IE) Agent. The IE Agent provides inference mechanism
including reactive method, first order probabilistic logic and bayesian net-
works, to infer high-level context from low-level data.

– Knowledge Base(KB) Agent. The KB Agent stores inference rules, observed
facts, and ontologies for context data management and maintenance.

– Query Filter(QF) Agent. The QF Agent provides query interface to upper
applications to query or subscribe the context-aware services with support
of system-level coordination mechanism using formal query language.
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Fig. 2. The CAMPS middleware architecture

The most important considerations of our design architecture for providing
context-aware services are mainly relied on some considerations below:

– Loose coupling. Contextual Information in a smart space environment is very
dynamic and heterogeneous. From the benefits of loose coupling feature,
the system can adopt suitable plug-in module to meet different demands of
context-aware applications for modeling and reasoning with different types
of context knowledge with the least cost of system integration.

– Scalability. The middleware architecture with component abstraction and
encapsulation provides an easy way to enable context-aware services scal-
able. By customizing the scenario profile and deploying various types of sen-
sors, CW Agent can capture abundant contextual information from different
sources to be more adaptive to the real smart space environment.

– Invisibility. With notion of the separation of application procedure and un-
derlying services, the middleware provides QF Agent module for enabling
underlying system functionalities(e.g. context data storage, sensor distribu-
tion, inference engine) invisible to the upper applications.
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5 Context Inference Mechanism

The inference mechanism of supporting context-aware reasoning is ContextLogic
that follows the idea of Knowledge-Based Model Construction (KBMC), which is
considered as a formal inferential system based on first order probabilistic logic.
It consists of formal representation of context knowledge and rules, and the upper
inosculation and inference to the knowledge. In this section, we introduce the
design approach of KB Agent and IE Agent which extends Bayesian Network
(BN) reasoning arithmetic with restriction of syntax and semantic hypotheses
in order to enable the complexity of context reasoning within the acceptable
restricted range.

The KB Agent takes charges of context persistence, maintenance and man-
agement. The construction of KB Agent consists of Field Definition, Predicate
Definition, Observed Facts and Rule Definition. Context rules are the form of
Pr(Lh|Lb1 , Lb2 , . . .) = c : −LC1, LC2 , LC3, . . ., which means that in the con-
straints of LC1 , LC2 , LC3, etc. and under the condition of Lb1 , Lb2 , the probability
of Lh is the value of c. Note that LCi denotes only context fact and others de-
note arbitrary ContextLiteral, e.g. the statement Pr(TeacherStatus(Teacher) =
talking|Speaking(Student) = false) = 0.7 : −IsBlackboardTouched(Room527)
denotes the rules that when the blackboard of Room527 has not been touched,
the probability value of that the teacher is talking equals 0.7 under the condi-
tion of that the student is silent. We propose XML-based database to store and
manage all the definition and information of Knowledge Base.

The IE Agent takes charges of inferring high semantic context knowledge
from low-level context facts with restricted constrains and deductive rules. For
example, from the rule of Pr(Speaking(Joey) = true|Speaking(Ross) = true)
= 0 : −status(Roos527) = onMeeting, we can deduce that while Ross is speak-
ing on the meeting in the Room527, it’s impossible that Joey is also speaking.
In CAMPS, We develop a inference module called ContextLogic for converting
the context description in Knowledge Base into BN’s DAG and to calculating
the probabilistic distribution. In order to reduce the scale of BN’s DAG, we in-
vestigate an approach to build DAG according to the context query’s content.
To achieve the above goal, several constrains are involved, including valid rule
of the syntax, the independence hypothesis of causal set that extends definition
of causal independence in [11], the hypothesis of average distribution of residual
probability, and the conditional independence hypothesis, in order to avoid gen-
erating unnecessary node of the net so as to minimize the scale of BN’s DAG
and ascertain exclusively the distribution of the answer. Therefore, with the help
of the constraints and hypothesis, the complexity of inference on BN’s DAG is
under control within acceptable limited range.

The QF Agent classifies the input query into two categories: i) query for
context facts. In this case, no complex inference mechanism is involved, but
a reactive mapping approach is adopted to provide the answer to the query;
ii) query for context knowledge. In this case, the above inference approach is
adopted to infer the answer. We defined the basic formal of context query lan-
guage (CQL) as ?LC1 , LC2, . . ., where LCi can have either Field Variable (FV)
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or Field Element (FE). The advantage of defining a well-formalization CQL is
that we can use it to query in Context Base in a uniform way, and the distri-
bution and storage structure of data and the complicated inferential process are
transparent to the upper applications and users.

6 Case Study

As depicted in the application scenario, a Smart Cameraman module is de-
signed to change the live-video scene adapted to situational context initiatively
according to the clue of class activity in local classroom by switching an array
of cameras. Distinct with previous version applied in Smart Classroom project
[2], we adopt Smart Platform [12], a software infrastructure of Smart Space with
multi-agent architecture, as a supporting platform to the middleware CAMPS
for providing reliable data communication and module coordination mechanism.

In this case, context-awareness that CAMPS provides embody two aspects:
i) CAMPS capture the contextual information relevant to user’s activity and
provide the clue of class activity to Smart Cameraman module. ii) CAMPS
deliver various customized video respectively to remote student individuals with
different quality due to different capabilities of computers or devices, e.g. size of
display screen, network bandwidth.

To demonstrate Smart Cameraman scenario, we define several context rules
for this module and develop case generator to simulate a variety of situations as
Figure 3(d) shows:

Fig. 3. Different scenes delivered to remote students according to the class context:
(a)teacher writing on MediaBoard; (b)teacher showing a model; (c)teacher having a
discussion with local students; (d)Case generator module

– Teacher writing on the MediaBoard. When the teacher is writing comments
on the MediaBoard, the module may select a close-up view of the board, as
Figure 3(a) shows.

– Teacher showing a model. When the teacher holds up a model, the model
may zoom in on it, as Figure 3(b) shows.



652 W. Qin, Y. Suo, and Y. Shi

– Remote student speaking. When a remote student is speaking, live video of
the student may be delivered to other remote students.

– Other. In all the other situations, the module may select the overview of the
classroom, as Figure 3(c) shows.

Compared with the previous version of Smart Cameraman in Smart Classroom
project, several great systematic improvements have been done with the supports
of context-awaremiddleware CAMPS as depicted in Table 1. The enhanced Smart
Cameraman module has better scalability and adaptability performance, more
expressivepowerofcontextrepresentation, inferenceanddiscovery,andmucheasier
tomaintain andupgrade for the independence relationship among the components.

Table 1. Comparison on systematic improvements of Smart Cameraman module

Smart Module Context Inference Query

Cameraman Deployment Model Mechanism Interface

Module

Previous Toolkit XML-based IF-THEN-ELSE Ad hoc

Version Event Description Statement Manner

Enhanced Agent-based Ontology FOPL Formal Context

Version Component Bayesian Network Query Language

7 Related Works

Over the past few years, a number of works have been done in the area of context-
aware computing. Significant work has been done by Dey, et al. in defining the
concepts of context and context-awareness, identifying categories of context and
features of context-aware applications and developing a conceptual framework
for supporting rapid prototyping of context-aware applications [1].

Chen et al. introduce the Semantic Web technologies and ontologies in build-
ing an architecture for supporting context-aware systems, investigate the Stan-
dard Ontology for Ubiquitous and Pervasive Applications (SOUPA) that uses
OWL to represent the entities in a smart space environment, and develop the
Context Broker Architecture (CoBrA) that is an agent-based context-aware
framework to support ubiquitous agents, services and devices [13].

Gu et al. investigate a Bayesian approach for dealing with uncertain contexts
that proposes a probabilistic extension to an ontology-based model for represent-
ing uncertain contexts, and use Bayesian Network to reason about uncertainty.
A serviced-oriented context-aware middleware has been investigated in order to
enable building and rapid prototyping of context-aware services [6].
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8 Conclusion

In a conclusion, we have presented a middleware for providing context-aware
services for Smart Space. The middleware supports the high-level abstraction of
context data with the power of formal context model which combine with first-
order probabilistic logic and ontologies, and allows context inference based on
extended Bayesian Network to provide more precise context information adapted
to changing, heterogeneous smart space environment. Our ongoing research is
investigating description logic approaches with more expressive power to make
middleware robust and extensible.
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