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7
Conclusions

The automatic recognition of activities from sensor data allows important appli-
cations in healthcare for dealing with the societal problems of an aging popula-
tion. In this final chapter, we present our concluding remarks and highlight the
contributions of this thesis to this area of research. We end this chapter with a
discussion on directions for future research.

7.1 Conclusions and contributions

In the introduction of this thesis, we presented a number of research questions that
are answered in this thesis. The first question asked which temporal probabilistic
model is able to accurately recognize activities from sensor network data. In
Chapters 3, 4 and 5, we provided experimental results that allow us to answer
this question.

The temporal probabilistic models used in this thesis use a time series represen-
tation. This requires us to discretize the sensor data using a constant timeslice
length. In Chapter 3, experiments on three real world datasets revealed that the
recognition performance is not very strongly affected by the length of the time
interval used for discretization. A time interval of 60 seconds provides the proper
balance between an accurate representation of the data and a reasonable amount
of data needed for this representation.

Transforming sensor data to a different feature representation can sometimes help
the recognition performance of a model significantly. We presented three feature
representations the raw representation, changepoint representation and the last-
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fired sensor representation. Experiments showed that the change and last-fired
feature representations perform significantly better than the raw representation.
Combinations of representations sometimes resulted in a slight increase in per-
formance, but never significantly outperforms the separate use of the change and
last representations.

We presented two probabilistic models for activity recognition in Chapter 3, the
hidden Markov model (HMM) and the conditional random field (CRF). Compar-
ing the model performances showed that the CRF generally performs better than
the HMM in terms of the accuracy measure. However, in this measure, activities
that occur frequently have a larger weight. The CRF favors the recognition of
frequent activities, but can completely ignore infrequent activities as a result. We
consider the recognition of each activity equally important and therefore rely
on the multi-class precision and recall and the F-measure for comparing per-
formances. Comparing these models in terms of F-measure does not show any
significant differences in performance between the two models. The performance
of these models was used as a recognition baseline in the other chapters.

In Chapter 4, we presented semi-Markov models which explicitly model the
duration of an activity. Experiments were run to determine which probability
distribution is best suited for modeling the duration of an activity. Three uni-
modal distributions, a multivariate distribution and a histogram approach with
various numbers of bins were tested. The results showed that the Gaussian dis-
tribution performed best in the majority of the datasets and was therefore the
distribution that was used in the other experiments. We experimented with two
semi Markov models, the hidden semi-Markov model (HSMM) and the semi-
Markov conditional random field (SMCRF). The HMM and HSMM are both
generative models, while the CRF and SMCRF are discriminative models. Ex-
periments showed that accurate duration modeling is important in generative
models, but less important in discriminative models. This is because discrimina-
tive models are better able to deal with violations of the modeling assumptions.
Overall the HSMM and the SMCRF give similar performance on most datasets.
Neither model manages to consistently obtain a significantly better performance
than the other.

A hierarchical structure for activities consisting of action primitives, actions and
activities was presented in the introduction of this thesis. This structure was used
in Chapter 5 to create a hierarchical hidden Markov model (HHMM) for activity
recognition. Model parameters were estimated by using annotated data for the
activities, but no annotation for the actions. As a result, clusters of actions were
automatically allocated in the data, in which we are free to choose the number
of action clusters to use. We experimented with two observation models for our
HHMM. One model in which a separate set of action clusters is used for each
activity, and another model in which action clusters are shared among activities.
Our experiments showed that the observation model that uses a separate set
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of action clusters for each activity works best. Using that observation model,
the HHMM significantly outperforms the HMM and the HSMM in two of the
three real world datasets, with an increase of 7 percent points in F-measure
performance for both datasets.

The experiments from these chapters indicate that the answer to the first question
of this thesis is to use a hierarchical hidden Markov model that uses an obser-
vation model which uses a separate set of action clusters for each activity. Data
should be discretized using the timeslice interval of 60 seconds and should be
transformed to the changepoint or last-fired feature representation.

The second question of this thesis addresses the problem of reusing a model for
activity recognition in multiple homes. In Chapter 6, we present transfer learning
which allows us to learn model parameters despite differences between various
homes. This requires the use of a meta feature representation to map sensor data
from datasets of different houses to a common feature space. We experimented
with a model that learn a generic set of parameters and a model that learns
a set of parameters specific to the house activity recognition is performed in.
Experiments show that both models allow us to successfully transfer knowledge
to a house for which no annotated data is available. When annotated data is
available the specific model approach is able to perform on average better than
the no transfer learning case in one of the three houses.

Our final question addresses the issue of evaluating the performance of a pattern
recognition method to ensure an accurate performance in a real world setting.
The experiments in this thesis were performed on three real world datasets. We
presented a sensor and annotation system that allows us to create datasets in
multiple homes and annotate them accurately. To evaluate the performance of
activity recognition models, we suggest the use of the multi-class precision and
recall and the F-measure. The software for the models presented in this thesis,
together with the datasets on which the experiments were ran are available from:
http://sites.google.com/site/tim0306/. The entire package can serve as a
benchmark for future work on activity recognition.

7.2 Future research

In this section, we present directions for future research, we discuss topics with
respect to sensors, the setup activity recognition is performed in, learning meth-
ods for activity recognition and the output an activity recognition system should
give.

In this work, we used sensor networks to observe the behavior of inhabitants.
The sensors used were installed in locations that seemed intuitive to the research
team. Certain problems encountered in the classification of activities might easily

http://sites.google.com/site/tim0306/


124 Conclusions

be resolved by installing additional sensors. However, because these activity
recognition systems will eventually be used on a large scale, it is important to
keep the costs of the system to a minimum. It is therefore important to understand
the impact on the recognition performance of both the number of sensors used
and the location the sensors are installed. Such understanding will allow us
to create an activity recognition system using the minimum number of sensors
needed.

All the models and experiments performed in this thesis assumed that a house-
hold consists of a single person. For a realistic application in a real world setting,
an activity recognition system should be able to deal with people visiting a
household and with households in which multiple people live. The challenge in
performing multi-person activity recognition is that people can perform activi-
ties separately, in which sensors from two different locations in the houses are
triggered, and activities can be performed jointly, in which a single set of sensors
is triggered.

Our models for activity recognition require annotated data to estimate the model
parameters. The transfer learning approach we suggested will help in installing
activity recognition systems in new houses, but additional annotated data would
surely help the recognition performance of the model. Instead of annotating
activities for an entire day, we could select a few timeslices for which it would be
most informative for the classifier to know which activity was performed. This
can be done using active learning [141] in which an algorithm calculates for each
timeslice the potential gain in information for knowing the label of that timeslice.

The parameters obtained through learning accurately represent the behavior of
an inhabitant at a certain point in time. However, because the behavior of people
changes over time, the parameters learned at one point in time may not accu-
rately represent the behavior at a later point in time. In a technique called lifelong
learning, parameters are continuously updated, rather than estimated only once
during a learning phase [163]. Lifelong learning can be considered as a form
of transfer learning, because the recognition of the behavior of a person at two
separate moments in time corresponds to two different, but related, classification
tasks. The challenge in this approach is that parameters are continuously up-
dated. One hypothesis that can be tested for this approach is whether changes
in behavior occur gradually or suddenly. Ideally lifelong learning methods up-
date the model parameters using only sensor data, for which no annotation is
available. Parameters could be gradually updated as small changes in the be-
havior become visible in the sensor data. Such unsupervised methods are not
uncommon in the machine learning [9], but the effects of continuously updating
parameters over a long period of time have to be studied.

Finally, currently our models for activity recognition simply output a list of
activities that were performed during the day. It is unlikely that care givers
would like to see long lists of activities for every patient they are caring for.
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Instead they might be interested in a summary or in graphs showing the average
duration of activities and the frequency with which activities are performed.
It is important to gain a better understanding of which information caregivers
need in performing their duties. In practice such multi-disciplinary research is
challenging to perform and field trials will need to be performed to obtain a
better understanding of these principles.




