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Abstract

Research on Human Activity Recognition Methods in

Smart Homes

In recent years, as the aging trend becomes more and more obvious, the elderly
population is gradually increasing. In addition, due to children going out to work and
the increase in labor cost, the elderly will face the plight of no one to take care of them.
To enable the elderly to live independently and healthily at home, smart home is a home
service solution that is now being widely explored. Smart homes are widely used for
health care monitoring, daily task assistance, energy management, and security control.
In order to provide these services, smart home systems must be able to understand and
recognize the daily human activities of the user.

Daily human activity recognition in smart home scenarios is critical to assisted
living. Although significant advances have been made in activity recognition
technology, many challenges remain.

First, when identifying daily activities, as most of the dataset is unbalanced, as
well as some activities have the problem of small inter-class differences and large intra-
class differences, these problems lead to high accuracy in overall activity identification,
but poor performance in refining to single activity identification, and serious
misclassification of some activities.

Second, in addition to the use of environmental sensors, more and more work is
now introducing object sensors as well as wearable sensors for activity recognition,
which makes the use of multimodal data more common. However, it is important to
note that only signals from certain modalities can provide valuable information for
activity recognition, while redundant or irrelevant information tends to reduce the

recognition capability of the model.
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The purpose of this paper is to study human activity recognition in smart home
scenarios, and the specific research work includes the following aspects.

(1) In this paper, we design a global information fusion activity recognition
method GIF-ALC based on activity-level contexts to recognize human daily activities
by analyzing sensor event streams. The method stacks three global information fusion
modules, each of which uses a self-attention mechanism with residual connections for
global information extraction. At the same time, GIF-ALC introduces activity-level
contexts as a way to enhance the model's discrimination of similar activities.

Through experimental validation on the ARUBA and MILAN datasets, GIF-ALC
can improve the accuracy of activity identification to some extent and reduce the cases
of partial activity misclassification, thus alleviating the problem of small inter-class
differences and large intra-class differences. In particular, GIF-ALC outperforms other
methods on the MILAN dataset. Specifically, on the MILAN dataset, GIF-ALC
improved the accuracy by 2.95%, the balance accuracy by 9.33%, and the weighted F1
value by 3.42% over Casc-LSTM.

(2) In this paper, we design MultiGIF, an activity recognition method based on
multimodal sensor data fusion. the method first uses squeeze and excitation operations
to weight the signals of each modality, and then extracts the features of each modality
using GIF, where GIF uses a self-attention mechanism to capture the contribution of
different timestamps to activity recognition. When the features of all modalities are
extracted, the feature fusion part uses the squeeze and excitation operation to weight
the different modalities, which are then fed to the classifier for final decision
classification.

MultiGIF is able to enhance the signals in the modalities that are relevant for
activity recognition and weaken the irrelevant ones by using the squeeze and excitation
operation. At the same time, the same squeeze and excitation operations are used in the
modal fusion to enhance the relevant modal features and weaken the irrelevant ones.

The proposed method is experimentally validated by recognizing the motion
patterns on the OPPORTUNITY dataset as well as on the two tasks of hand gestures.

In particular, MultiGIF achieves the best results on the gesture task, with 9.01% higher
vV
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balance accuracy and 8.52% higher weighted F1 value than the second-place
DeepConvLSTM without null classes. In the presence of null classes, the balance
accuracy was 13.64% higher than the second-place MLP, and the weighted F1 value
was 4.96% higher than that of the second-place ResNet.

In addition, this paper explores the effect of different modal combinations on
model performance. It is found that the modality of the wearable sensor is better than
the two modalities of the environmental sensor and the object sensor in the case where
only a single modality is used. In the case of multiple modal combinations, the modal
of the combination of environmental sensor and object sensor is lower than the
combined modal with the presence of the wearable sensor. From the above analysis, we
can find that the use of environmental or object sensors alone, although effective in
protecting privacy, is not able to capture the signals generated by human limb
movements. The introduction of wearable sensor modalities can provide more powerful
daily activity recognition support in smart home scenarios. Moreover, in gesture tasks,
MultiGIF can achieve higher recognition performance than using only a single modality
in the recognition of combined modalities, and it is better than other methods to obtain
beneficial gain information from multiple modalities and weaken irrelevant and

redundant information.
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