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1) INTRODUCTION

Smart homes play a significant role in improving quality of life, security, and health monitoring.
Automatic human activity recognition (HAR) [1] is a critical challenge in this field, with applications
in elderly care [2] and medical monitoring. HAR systems process data from environmental sensors such
as motion, temperature, and door sensors to identify user behaviour patterns. Traditional machine
learning methods rely on manually engineered features and have limitations, whereas deep learning
models [3], like Recurrent Neural Networks (RNNSs), perform better by automatically extracting
features. GRU and Transformer models are among the most advanced deep learning architectures for
sequential data [4]. GRU efficiently processes long sequences by preserving important information and
preventing gradient vanishing [5], while the Transformer extracts long-term dependencies without using
recurrent memory, enabling parallel processing.

This research presents a hybrid approach combining Transformer and GRU for human activity
recognition and no-activity detection in smart homes. The combination of these two models enhances
recognition accuracy and speed while reducing the limitations of traditional methods. The overlap of
Transformer’s self-attention and GRU’s short-term memory effectively extracts temporal dependencies
and improves sequential data analysis.

2) Solution MethOd

The proposed architecture is a combination of Bi-GRU and Transformer, which processes data in
parallel. Three Bi-GRU layers are used to model both short-term and long-term temporal dependencies,
while the Transformer attention layer aids in parallel data processing and extracting long-term
dependencies. The features extracted from these two parts are combined using concatenation or
weighted averaging and are then passed to a feed-forward neural network to identify human activities
and detect inactivity.

This model has several advantages, including improved accuracy and processing speed, combining
short-term and long-term temporal dependencies, and high flexibility in processing sequential data. This
approach is evaluated using metrics such as accuracy, precision, recall, F1 score, and confusion matrix,
showing good performance in Human Activity Recognition (HAR). The proposed architecture consists
of three main parts: data preprocessing, sensor data processing and feature extraction, and parallel
processing using Bi-GRU and Transformer to model temporal dependencies and long-term
relationships. After combining the results from these two parts, they are used for activity recognition. In
this research, data related to "inactivity" is also included in the dataset, which helps in more accurately
identifying idle times and resident behaviors.

To evaluate the performance of the proposed model and compare it with other deep learning
methods, baseline models such as TCN, Transformer, Bi-GRU, LSTM, RNN, GRU, and CNN were
examined. These models are crucial for human activity recognition due to their ability to learn temporal
dependencies. Hybrid models such as Transformer-GRU and Transformer-TCN were designed to
improve long-term data dependencies. The evaluation results show that TCN, Transformer, and Bi-GRU
performed better than other models. The TCN model demonstrated the best performance in processing
time-series data and feature extraction. The Transformer model also performed well due to its capability
to process long-term dependencies. Furthermore, the Bi-GRU model, by enhancing temporal feature
learning compared to the regular GRU, achieved better accuracy. Finally, hybrid models using the
Transformer architecture significantly improved human activity recognition. The Bi-GRU-Transformer
model provided the best performance on the Aruba and Milan datasets. These results suggest that
combining different architectures with Transformer can lead to significant improvements in human
activity recognition in smart environments.

Transformer-based hybrid models (such as Transformer-GRU and Transformer-TCN) aimed to
enhance accuracy and efficiency by combining the strengths of different models. Among these, the Bi-
GRU-Transformer model, with an accuracy of 93.17% in Aruba and 74.38% in Milan, along with
superior precision and F1 scores, achieved the best performance. Overall, the findings indicate that the
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use of hybrid architectures, especially the combination of Bi-GRU with Transformer, offers better
performance in human activity recognition, and data quality plays a significant role in the final results.

2-1) Equations

The Transformer model, introduced by Vaswani et al. in 2017, is an advanced architecture in deep
learning designed for processing sequential data such as text, speech, and sensor data. This model uses
an attention mechanism, making it widely applicable in sequence-based learning tasks. Unlike RNNs
and LSTMs, which process data sequentially, the Transformer processes sequences in parallel,
enhancing training speed and the model's ability to learn long-term dependencies.

The Transformer model consists of two main parts: the encoder and the decoder. The encoder is
responsible for converting the input sequence into a vector representation and is composed of two main
sub-layers: a multi-head attention mechanism for extracting temporal dependencies, and a feed-forward
neural network to refine the features. The decoder generates the output sequence using the encoder's
output and new information, and consists of three main sub-layers: multi-head attention for the decoder,
encoder-decoder attention to examine dependencies between the input and output sequences, and a feed-
forward neural network for processing the final features. The attention mechanism is the core of the
Transformer model. The attention calculation is performed as follows:

V- (%) Softmax = Attention(Q,K,V) Q

The GRU model is a type of RNN designed to process sequential data such as sensor signals and
time series. This model is widely used due to its simpler structure and better ability to learn long-term
sequences, particularly in processing smart home sensor data. GRU addresses gradient instability and
long-term information retention issues with two gates (update gate and reset gate), reducing
computational complexity.

The reset gate determines how much of the previous state information should be forgotten, while
the update gate specifies how much of the previous state information should be transferred to the new
state. The candidate state represents new information produced by combining the input and the previous
state. The new state is obtained by combining the previous state with the candidate state according to
the update gate. Equation 2 represents the combination of the previous state and the candidate state.

he = (A —=2) he—q + 2¢. by )

3) conclusion

This research demonstrates that combining advanced Transformer models with Bi-GRU can improve
the performance of human activity recognition systems in smart environments. The results showed that
the proposed hybrid model can effectively enhance identification accuracy and other performance
metrics, especially in complex and diverse datasets such as Aruba and Milan. The Bi-GRU-Transformer
model performed exceptionally well in managing long-term dependencies and extracting complex
features from smart sensor data. These results can contribute to the optimization of smart systems in
various domains such as healthcare, security, and well-being. However, challenges such as poor data
quality, noise, environmental diversity, and high computational resource requirements exist.
Additionally, GRU models with simpler architectures may struggle with identifying long-term patterns.
To address these issues, it is recommended to use data augmentation methods, lighter architectures, and
transfer learning techniques. Also, using wearable sensor data and images could expand the applications
of the models.

In the future, improving scalability, real-time processing, and integrating multimodal data could
increase the model's accuracy and applicability in various fields such as health monitoring, smart home
security, and anomaly detection. Implementing the model within a federated learning framework could
help maintain user security and privacy. Finally, this study showed that the Bi-GRU-Transformer model
performed well in human activity recognition systems using smart home sensor data and achieved higher
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accuracy compared to baseline models like LSTM and GRU. However, challenges such as data quality
and the need for labelled data still remain and should be addressed in future research.

3-1) Tables and Figures

In this experiment, all transformer-based hybrid models consist of three layers from the base models.
Table 1 shows the performance of these models, with results indicating significant improvement in
human activity recognition using the transformer architecture.

Table 1. The results of applying hybrid models in activity recognition for the Aruba and Milan

datasets.
Metric (%)

Accuracy

Precision

Recall

F1 Score

Model Dataset
Aruba Milan
LSTM-transformer 91.09 72.17
TCN-transformer 91.22 68.30
CNN-transformer 91.09 73.53
RNN-transformer 90.05 72.70
gru-transformer 89.98 72.18
Bi-gru-trans 93.17 74.38
LSTM-transformer 91.56 69.39
TCN-transformer 91.59 69.12
CNN-transformer 90.18 71.26
RNN-transformer 89.65 70.96
gru-transformer 90.77 73.61
Bi-gru-trans 93.42 74.34
LSTM-transformer 91.09 72.17
TCN-transformer 91.22 68.30
CNN-transformer 91.09 73.53
RNN-transformer 90.05 72.70
gru-transformer 89.98 72.18
Bi-gru-trans 93.17 74.38
LSTM-transformer 89.70 69.73
TCN-transformer 89.67 65.94
CNN-transformer 85.25 71.33
RNN-transformer 88.71 70.39
gru-transformer 88.46 70.05
Bi-gru-trans 91.59 72.31

The bar charts of the results obtained from this experiment for the two datasets, Aruba and Milan,

are shown in Figures 1 and 2.
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Figure 1: Performance of different models on the Aruba dataset
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Comparison of Model Performance (Milan)
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Figure 2: Performance of different models on the Milan dataset
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2010-01-05 08:35:18.000064 M027 ON
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Train and Validation Loss

—— Train Loss
—— Validation Loss
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Confusion Matrix - Test Data
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