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TAO: Context Detection from Daily Activity Patterns Using Temporal
Analysis and Ontology
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Translating fine-grained activity detection (e.g., phone ring, talking interspersed with silence and walking) into semantically
meaningful and richer contextual information (e.g., on a phone call for 20 minutes while exercising) is essential towards enabling
a range of healthcare and human-computer interaction applications. Prior work has proposed building ontologies or temporal
analysis of activity patterns with limited success in capturing complex real-world context patterns. We present TAO, a hybrid
system that leverages OWL-based ontologies and temporal clustering approaches to detect high-level contexts from human
activities. TAO can characterize sequential activities that happen one after the other and activities that are interleaved or
occur in parallel to detect a richer set of contexts more accurately than prior work. We evaluate TAO on real-world activity
datasets (Casas and Extrasensory) and show that our system achieves, on average, 87% and 80% accuracy for context detection,
respectively. We deploy and evaluate TAO in a real-world setting with eight participants using our system for three hours
each, demonstrating TAO’s ability to capture semantically meaningful contexts in the real world. Finally, to showcase the
usefulness of contexts, we prototype wellness applications that assess productivity and stress and show that the wellness
metrics calculated using contexts provided by TAO are much closer to the ground truth (on average within 1.1%), as compared
to the baseline approach (on average within 30%).

CCS Concepts: • Human-centered computing → Ambient intelligence; Ubiquitous computing; Ubiquitous and
mobile computing systems and tools.
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1 INTRODUCTION
The vision of Human Activity Recognition (HAR) approaches is to enable a better understanding of human
behavior for applications in healthcare and human-computer interaction [31]. Recent advances in Internet-of-
Things (IoT), pervasive ambient sensing, and richer ML-based inferences have taken us even closer to this vision
[9, 10, 20, 40]. A key challenge, however, is that human activity patterns are complex in nature and often require
contextual information about the activity to be useful for downstream applications. For example, a wellness
application that assesses an individual’s productivity requires contextual information about an activity. An
activity such as talking may or may not indicate if the individual is being productive, depending on whether
it is happening in a context denoting office work or a different context of having a meal. Moreover, current
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Fig. 1. Daily activities (e.g.,Activity A: typing, A: running, A: chewing) can be translated into semantically richer contexts
(e.g.,Context C: O�ice work, C: Exercise, C: Having meal). However, real-world activity pa�erns are complex, with activities
happening sequentially, in parallel, and interleaved, requiring a new approach to capture contexts. The TAO system is a
hybrid system that combines ontological and temporal components to convert these activity pa�erns into rich contexts
accurately. These contexts can then enable compelling applications, such as measures to detect and improve user wellness.

HAR-based approaches primarily focus on using the sensor data from smart devices (such as phones, watches, or
ambient sensors) to accurately infer human activities over timescales in the order of seconds (such asActivity
A: talking, A: typing, A: jumping,etc.), rather than extracting more semantically meaningful contexts (such as
Context C: O�ce workor C: Exercising). Thus, understanding higher-level and semantically meaningful contexts
of daily activities are crucial to support applications such as tracking productivity or wellness.

In recent years, a growing body of research around Context Aware (CA) computing has used ontology-based
frameworks to model and reason about the context of human activities [2, 3, 15, 47, 48, 70]. These frameworks use
Web Ontology Language (OWL DL, OWL 2 [25]) to de�ne custom vocabularies (e.g., activities, location, or time)
that are required to infer context and to model the logical associations between them. While these approaches
provide a model of the complex relations of activities to infer context, the de�nition of the activity patterns
is often static and highly structured. They are not �exible enough to represent real-world activities and their
intricate temporal associations, leading to inaccurate context predictions. For instance, Figure 1 shows that when
an individual is eitherA: typing, A: writing, or A: clicking the mouse, the ontology-based approaches infer the
context asC: O�ce work. However, real-world activity patterns are complex. Activities such asA: sittingand
A: talking may happen simultaneously or over a period of time that may relate to multiple contexts, such asC:
O�ce work, C: In a meeting, andC: On a phone call. Similarly, an activity such asA: walkingmay be related to
contexts such asC: Commutingor C: Exercising.

More recent e�orts include hybrid approaches that combine knowledge- and data-driven techniques that
derive semantic relationships between activities to detect context [28, 38, 51, 56, 58, 76]. In these approaches,
statistical or clustering-based models are used to predict the most probable activities based on the sensor data,
and an ontology is used to model the context based on the predicted activities. However, in these approaches,
the accuracy of context recognition can be vulnerable to uncertainty and ambiguity due to inference from an
incomplete ontology. Such approaches do not di�erentiate contexts from sequential (activity A happening after
activity B) and parallel activities (activity A and B happening simultaneously) which predominantly occur in
the real world. Moreover, most of these approaches focus on modeling speci�c contexts and as a result, do not
support downstream context-based applications such as those for wellness.
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