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Abstract
Human activity recognition (HAR) is a critical task in healthcare 
and behavioral monitoring systems, often reliant on accurate 
interpretation of time-series sensor data. This paper  proposes 
a novel deep learning (DL) framework, multi-head self-attention 
enhanced stacked autoencoder (MHSA-SAE), designed to improve 
the representation and classification of human activities using the 
mobile health (mHealth) HAR dataset. The architecture integrates 
stacked autoencoders (SAE) for unsupervised feature extraction 
with a multi-head self-attention (MHSA) mechanism to capture long-
range temporal dependencies across multiple sensor modalities. 
Experimental evaluations demonstrate that the proposed model 
significantly outperforms existing approaches, achieving 97.82% 
accuracy, 96.67% F1-score, and 98.10% AUC. Detailed class-wise 
metrics highlight the model’s robustness across diverse activity types 
such as standing, walking, running, and climbing stairs. Comparative 
analysis with state-of-the-art methods and ablation studies further 
confirms the effectiveness of each architectural component. The 
MHSA-SAE framework presents a promising direction for real-
time, high-accuracy activity recognition in mobile and healthcare 
applications.
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I. Introduction

Sedentary behavior has emerged as a critical public 
health concern in modern society, with the increasing 
prevalence of sedentary behavior in modern  society 
has emerged as a major public health concern. 
Technological advancements, urbanization, and 
changing work habits have drastically reduced physi-
cal activity (PA) levels among individuals, contributing 
to extended periods of sitting or low-energy expend-
iture activities. Sedentary behavior, characterized by 
an energy expenditure of ≤1.5 metabolic equivalents 
(METs) while sitting, reclining, or lying down, is now 
strongly associated with an elevated risk of various 

chronic health conditions, including obesity, cardio-
vascular disease, type 2 diabetes, musculoskeletal 
disorders, and even certain cancers. According to 
the World Health Organization (WHO), physical inac-
tivity ranks among the top leading causes of death 
worldwide, highlighting the urgent need for early 
detection and management of sedentary-related 
health risks [1–7].

Traditional clinical assessment methods often 
fail to detect early-stage health impacts caused 
by sedentary lifestyles due to their reactive nature 
and reliance on patient-reported data. In contrast, 
the emergence of wearable sensors and mobile 
health (mHealth) platforms offers unprecedented 
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opportunities to collect continuous, high-resolution 
data on PA, physiological states, and contextual 
behaviors [8–14]. These technological advance-
ments enable proactive health monitoring by cap-
turing real-time indicators that can reflect an indi-
vidual’s behavioral patterns and potential deviations 
associated with health deterioration. However, the 
massive volume and high dimensionality of such 
multimodal behavioral data present significant chal-
lenges for conventional analytical methods, necessi-
tating the adoption of advanced computational tech-
niques capable of extracting meaningful patterns 
and insights [15–18].

Recent developments in machine learning (ML) 
and deep learning (DL) have shown promise in 
transforming healthcare analytics by enabling pre-
dictive modeling based on complex, nonlinear, and 
high-dimensional data [19–21]. While traditional 
ML algorithms—such as logistic regression, deci-
sion trees, and support vector machines (SVM)—
have demonstrated utility in behavior classification 
tasks, their performance is often limited when deal-
ing with temporal dependencies, multimodal data 
fusion, and noise-laden input signals [22–26]. DL 
approaches, with their hierarchical feature extraction 
capabilities and adaptability to large datasets, offer 
a more effective alternative for modeling the intricate 
dynamics of sedentary behavior and its health impli-
cations [27–33].

In this context, we propose a hybrid DL framework 
that integrates convolutional neural networks (CNNs), 
bidirectional long short-term memory (BiLSTM) net-
works, and autoencoders to enhance the prediction 
of sedentary health risks. The key motivation behind 
this architecture is to leverage the complementary 
strengths of each component: CNNs excel in captur-
ing local and spatial features from structured sensor 
data; BiLSTMs are well-suited for modeling sequen-
tial dependencies over time, allowing the model 
to learn both past and future temporal dynamics; 
and autoencoders are employed for dimensionality 
reduction and noise elimination, enhancing the over-
all robustness of the model. This multicomponent 
architecture is particularly beneficial for multimodal 
datasets, where data sources include accelerometer 
readings, heart rate variability, posture classifications, 
and self-reported contextual metadata.

CNNs have been widely used in image and signal 
processing due to their ability to extract meaningful 
spatial features through the use of convolutional and 
pooling layers. When applied to time-series sensor 
data, CNNs can detect localized motion patterns 
and distinguish between various physical activities 

or inactivity phases. However, CNNs alone are insuf-
ficient to capture long-range dependencies or cyclic 
behavior patterns common in daily activity data. To 
address this limitation, we integrate BiLSTM layers 
into our framework. BiLSTMs, an extension of tradi-
tional LSTM networks, process input sequences in 
both forward and backward directions, enabling the 
model to understand not only preceding but also 
succeeding states of a sequence. This bidirectional 
 processing enhances temporal context understand-
ing, which is critical when predicting health risks 
rooted in prolonged or recurrent sedentary episodes.

Autoencoders play a crucial role in our proposed 
model by reducing the high dimensionality of multi-
modal data and filtering out noise that often exists 
in real-world sensor inputs. An Autoencoder learns 
compressed representations of input data (encod-
ing) and reconstructs the original input from the 
compressed representation (decoding), optimizing 
the model to focus on the most salient features. By 
 incorporating an autoencoder in the preprocessing 
phase, we ensure that only relevant and denoised sig-
nals are passed to the CNN-BiLSTM layers, thereby 
improving learning efficiency and reducing overfitting.

The experimental study was conducted with 38 
adult participants (aged between 22 and 50 years) 
to collect multimodal behavioral and physiological 
data for sedentary behavior analysis. Data collection 
spanned 12 consecutive weeks, ensuring adequate 
coverage of daily and weekly lifestyle variations. 
Each participant’s data stream comprised tri- axial 
 accelerometer readings to capture PA intensity and 
posture changes, photoplethysmography (PPG) 
signals for monitoring heart rate and  physiological 
responses, and GPS trajectory logs to provide con-
textual information about mobility patterns and 
location-based activity contexts. The dataset also 
incorporated user-submitted annotations, where 
 participants recorded activity labels (e.g., sitting, 
walking, commuting, and exercising), event mark-
ers, and brief self-reports through a mobile applica-
tion interface at periodic intervals. These annotations 
were cross- referenced with system-generated event 
timestamps to ensure consistency and reliability. The 
multimodal dataset was subsequently synchronized 
and segmented for model training and validation 
within the proposed framework.

Performance evaluation metrics include precision, 
recall, F1-score, and the area under the receiver oper-
ating characteristic curve (AUC), which collectively 
provide a comprehensive assessment of the mod-
el’s ability to correctly identify individuals at risk due 
to sedentary behavior. Experimental results reveal 
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that the proposed hybrid CNN-BiLSTM-Autoencoder 
model consistently outperforms baseline models, 
achieving higher classification accuracy and demon-
strating robustness across different participant sub-
groups and data collection settings. Furthermore, the 
hybrid model shows improved generalizability when 
tested on unseen datasets, indicating its potential for 
real-world deployment in personalized health moni-
toring systems.

II.  Literature Review

PA has long been recognized as a key determinant 
of physical and mental health. Numerous stud-
ies have explored its direct and indirect impacts on 
various physiological and psychological outcomes. 
For example, Ahrari et al. [2] conducted a qualita-
tive study examining factors influencing PA adher-
ence in Iranian heart failure patients. Their findings 
highlighted that personal motivation, cultural beliefs, 
healthcare support, and perceived health benefits 
were essential to sustaining regular PA. This sup-
ports the idea that interventions promoting PA must 
be tailored to contextual and cultural dimensions to 
be effective.

Further emphasizing the importance of sus-
tained PA, Borland et al. [3] examined the effects of 
a 3-month detraining period after cardiac rehabili-
tation in patients with atrial fibrillation. Their study 
demonstrated that discontinuing structured PA pro-
grams leads to the rapid reversal of cardiovascular 
benefits, thereby reinforcing the need for long-term 
activity maintenance strategies, particularly in aging 
populations and those with chronic heart conditions.

Zhang et al. [10] and Choi et al. [11] employed 
Mendelian randomization and large-scale cohort 
analysis, respectively, to assess the causal effects of 
PA and sedentary behavior on heart-related condi-
tions such as atrial fibrillation and heart failure. Zhang 
et al. [10] found that increased PA significantly low-
ered the risk of heart failure, while sedentary behav-
ior was positively associated with disease onset. 
Choi et al. [11] extended these findings by stratify-
ing  participants by diabetes duration, revealing that 
regular PA reduced the incidence of atrial fibrillation 
across all diabetes subgroups, underscoring its pre-
ventive role irrespective of comorbidities.

The influence of PA extends beyond physical 
well-being to encompass emotional and cognitive 
functioning. Lyu et al. [4] provided evidence linking 
PA, sedentary behavior, and basal metabolic rate to 
PTSD, depression, and emotional instability. Their 
findings suggest that low PA levels and prolonged 

sedentary behavior contribute to increased psycho-
logical distress, which may be mediated through 
physiological pathways related to stress and 
inflammation.

Adding to the neuropsychological understanding, 
Arora et al. [7] discussed the GABAergic system’s 
role in anxiety disorders, highlighting how neurotrans-
mitter imbalances influenced by lifestyle and behav-
ioral factors, including PA, can affect  mental health 
outcomes. Nikolić et al. [6] further contributed to 
this discourse by exploring the brain’s  physiological 
response (e.g., cheek temperature) during self-
observation, suggesting novel biosensing approaches 
to monitor  emotional reactivity in real time.

Siciliano et al. [9] investigated real-time autonomic 
engagement during emotionally charged parent–ado-
lescent conflicts. Their psychophysiological research 
pointed to the moderating effect of coping mecha-
nisms, offering insights into how emotional and phys-
iological states during social interactions could inform 
future biofeedback interventions aimed at stress 
regulation.

The development and use of digital biomarkers—
physiological and behavioral data collected through 
digital devices—are gaining traction in healthcare 
informatics. Jeong et al. [12] reviewed how DL has 
enhanced digital biomarker research through nonin-
vasive sensors, enabling real-time health monitoring 
and prediction. Their study emphasized the utility of 
deep neural networks (DNNs), including convolutional 
and recurrent architectures, for processing complex 
biosignals and improving early disease detection 
accuracy.

Dooley et al. [13] introduced the method for activity 
sleep harmonization (MASH), a framework designed 
to harmonize data from multiple wearable devices to 
estimate 24-hour sleep–wake cycles. This method 
facilitates comprehensive behavioral health monitor-
ing, integrating sleep, activity, and circadian rhythm 
patterns, which are critical for identifying early signs 
of cognitive and physical decline.

In a more advanced approach, Qin et al. [1] pro-
posed a supervised MHSA autoencoder to con-
struct health indicators and predict the remaining 
useful life (RUL) of machinery. Though developed 
in the domain of industrial health, the methodology 
has cross-disciplinary potential for biomedical signal 
prediction, particularly in modeling the degradation 
of physiological health metrics. Their model’s atten-
tion mechanism allows for more nuanced feature 
representation and temporal dependence modeling, 
aligning with the needs of digital health prediction 
frameworks.
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Effective analysis of large-scale behavioral and 
health data often requires the integration of advanced 
ML techniques. Ikotun et al. [14] presented a thor-
ough review of k-means clustering and its numerous 
 variants, emphasizing its scalability and adaptability 
in big data environments. Their insights are crucial for 
segmenting patient populations, identifying behavio-
ral clusters, and tailoring interventions in digital health 
systems.

Chong et al. [15] compared multiple ML algorithms 
for classifying PA based on sensor data, highlighting 
the impact of feature selection on classification per-
formance. Their work demonstrated that ML models 
could accurately differentiate between activity types 
(e.g., walking, sitting, running), especially when com-
bined with robust pre-processing and feature extrac-
tion techniques. These approaches are critical for 
systems that aim to provide real-time feedback on 
PA levels and alert users to deviations from healthy 
behavioral norms.

In the context of vulnerable populations, especially 
cancer survivors, maintaining physical and mental 
well-being through targeted therapies is essential. 
Medeiros et al. [5] systematically reviewed the effec-
tiveness of various therapies in alleviating  vulvovaginal 
atrophy and enhancing the quality of life in gynecolog-
ical cancer patients. Although focused on a  specific 
demographic, the review highlighted the broader 
implications of tailored, multimodal interventions that 
address both physical symptoms and psychological 
distress.

Similarly, Maallo et al. [8] explored tactile commu-
nication’s neural basis and the role of the somatosen-
sory cortex in interpreting touch-based interactions. 
Their findings are particularly relevant to  therapeutic 
contexts where nonverbal and sensory-based 
 interventions are used to support mental health and 
emotional regulation.

Building on this interdisciplinary momentum, 
Widjiantoro et al. [26] demonstrated the practi-
cal value of sensor fusion and real-time decision-
making through the use of Extended Kalman Filters 
in autonomous vehicle systems—an approach with 
parallels in health monitoring technologies. Likewise, 
Deshpande et al. [27] showed how explainable AI 
and transfer learning could be leveraged for accurate, 
interpretable biomedical classification tasks, suggest-
ing that similar models can be effectively applied in 
human activity recognition (HAR) and personalized 
healthcare diagnostics.

The study discussed in this section demon-
strates a clear convergence of behavioral health 
sciences, informatics, and ML in promoting physical 

and psychological well-being. PA emerges as a core 
determinant of both cardiovascular and emotional 
health, with implications for prevention, rehabilitation, 
and chronic disease management. Emerging tech-
nologies—including wearable sensors, DL models, 
and harmonized data integration techniques—are 
rapidly transforming how activity data is collected, 
analyzed, and applied in real-world settings. At the 
same time, studies highlight the need for culturally 
informed and psychologically grounded interven-
tions, especially in patient populations dealing with 
chronic illness or emotional distress. Advances in 
ML and clustering algorithms offer powerful tools 
for analyzing patient behavior at scale, while innova-
tions in digital biomarkers and multimodal modeling 
present exciting opportunities for personalized and 
anticipatory healthcare. Together, these understand-
ings lay a foundation for designing robust, scalable, 
and patient-centered systems that utilize PA monitor-
ing and health informatics to improve overall health 
outcomes.

III.  Proposed Work

The proposed framework is designed and evaluated 
using the mHealth HAR dataset. This dataset was 
collected through a body sensor network consisting 
of multiple wearable sensors placed on different body 
parts of 10 volunteers performing various physical 
activities. The dataset includes:

•  Sensors used: 3 inertial measurement units (IMUs) 
(on chest, right wrist, and left ankle)

•  Signals collected: 3-axis accelerometer, 3-axis 
gyroscope, 3-axis magnetometer, ECG signal 
(from chest sensor)

•  Sampling frequency: 50 Hz
•  Activities recorded: Standing, sitting, walking, 

 running, lying down, and climbing stairs
•  Data format: Time-series data with labeled 

 activities

To enhance the recognition and classification of 
human activities from time-series sensor data, we 
propose a robust DL framework called  multi-head 
self-attention enhanced stacked autoencoder 
(MHSA-SAE). This model leverages the  powerful 
feature abstraction capability of stacked autoen-
coders (SAE) and the long-range dependency 
modeling capability of the MHSA mechanism. The 
architecture is specifically tailored to address chal-
lenges in high-dimensional, multi-sensor data where 
 relevant patterns may be distributed nonlinearly and 
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temporally across multiple time steps. Figure 1 shows 
the overall architecture:

The architecture comprises four main compo-
nents: Input Layer, SAE for Feature Extraction, MHSA 
Mechanism, and a Classification Layer. Each of these 
is discussed below in detail.

a. Input layer

The input to the model is multi-sensor, multi-channel 
time-series data. In our context, the mHealth HAR 
dataset provides raw sensor readings such as 3-axis 
accelerometer, gyroscope, and magnetometer sig-
nals × ×∈  n t dX R

Where:

•  n is the number of samples,
•  t is the number of time steps per sample (deter-

mined by windowing),
•  d is the number of features per time step (e.g.,  

3 signals × 3 positions × 3 channels = 27).

Before feeding into the model, the signals are:

1.  Normalized to zero mean and unit variance to 
ensure stability during training.

2.  Segmented using a sliding window approach 
(e.g., 2.56 s with 50% overlap).

Let ix  represent the input vector at time step i. 
Then, for each sample window

	 [ ]1 2 ., ,..., , d
t iX x x x x R= ∈

b. �Feature extraction via stacked 
autoencoder

An autoencoder is a neural network trained to recon-
struct its input, typically used for dimensionality 
reduction and feature learning. A SAE consists of 
multiple layers of autoencoders where each layer is 
trained on the output (latent representation) of the 

Figure 1: Overview of proposed work. SAE, stacked autoencoder.
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previous one. The SAE in our framework is trained 
unsupervised, enabling it to extract compressed, 
noise-reduced, and nonlinear representations from 
sensor signals.

c.  Single autoencoder layer

An autoencoder comprises two components: an 
encoder and a decoder (Hinton & Salakhutdinov [30]; 
Jeong et al. [12]).

Encoder: compresses the input into a 
latent vector.
Decoder: reconstructs the input from the 
latent vector.

Let 
dx R∈  be an input vector:

•  Encoder transformation is defined in Eq. (1):

( ) ( ), dh
e eh f x W x b h Rσ= = + ∈ � (1)

•  Decoder transformation is defined in Eq. (2):

( ) ( )ˆ ˆ, d
d dx g h W h b x Rσ= = + ∈

� (2)

Where:

eW , dW  are weight matrices,
be, bd are biases,
σ(∙) is a nonlinear activation function (e.g. ReLU or 

sigmoid),

dh  is the hidden dimension size

d.  Stacking autoencoders

Multiple autoencoder layers (Eq. [3]) are stacked 
by treating the latent representation of one as the 
input to the next (Bengio et al. [31]; Qin et al. [1]):

( ) ( ) ( )1 1 2 2 1 1, , L L Lh f x h f h h f h −= = … = � (3)

Let the full encoding function be:

( )  SAEH f X= � (4)

Where ,n t hH R × ×∈  and h is the final hidden 
dimension.

The full encoding function of the SAE (Eq. [4]) has 
been widely used in deep feature learning (Bengio et 
al. [31]; Qin et al., [1]). This hierarchical encoding allows 
the network to learn progressively more abstract and 
invariant features from the input signal, which are cru-
cial for distinguishing complex human activities.

e.  MHSA mechanism

To effectively model temporal dependencies 
and interactions across time steps in the sensor 
sequence, we integrate a MHSA mechanism fol-
lowing the SAE. Traditional RNNs and CNNs often 
struggle with long-range dependencies, especially 
in high-dimensional sequences, which self-attention 
addresses directly.

f.  Self-attention operation

Self-attention as in Eq. (5) computes a weighted rep-
resentation (Vaswani et al. [32]) of the input sequence 
by relating each time step to all others.

Given an input sequence [ ]1 2, ,..., t h
tH h h h R ×= ∈ , 

the self-attention mechanism computes:
Query, Key, Value matrices

, ,Q K VQ HW K HW V HW= = = � (5)

Where

,QW  , kh dK VW W R ×∈ are learnable weight 
matrices.

g.  Attention scores

( ), ,
k

QK
Attention Q K V Softmax V

d

 
 =
 
 



� (6)

Eq. (6) computes attention weights based on the 
similarity of queries and keys, and then applies them 
to the value vectors.

h.  Multi-head attention

Multi-head attention, as in Eq. (7) allows the model to 
jointly attend to information from different representa-
tion subspaces:

( ) ( )1 2, ,..., O
mMHSA H Concat h h h W= � (7)

Where:

•  Each head ( ), , ,i i i ih Attention Q K V=
•   OW is an output projection matrix.

This multi-head strategy enables the network to 
capture diverse features and temporal interactions, 
enhancing representation quality.
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i.  Classification layer
After obtaining the attention-refined feature map 

( ) ,n t hA MHSA H R × ×= ∈  we apply a classification 
mechanism to predict activity labels.

1.  Temporal Aggregation: We apply global average 
pooling over the time dimension as in Eq. (8) (Lin 
et al., [33]; Jeong et al. [12]):

,
1

1
 ,  1,

t

i i j
j

z A for i n
t =

= = …∑ v� (8)

Resulting in a feature vector 
 n hz R ×∈  summariz-

ing each sample.

2.  Fully Connected Layer and Softmax:
The aggregated feature vector is passed through a 
fully connected layer followed by a softmax activation 
as in Eq. (9) (Bengio et al. 2007 [31]):

( )c cy Softmax W z b= + � (9)

Where:

•   h c
cW R ×∈ are the classifier weights and biases,

•  C is the number of activity classes (e.g., 12 in the 
mHealth dataset).
The softmax function in Eq. (10) outputs a proba-

bility distribution over all classes:

( )
1

j

k

z

j C z

k

e
Softmax z

e
=

=
∑

� (10)

The predicted class in Eq. (11) is:

 argmaxSoftmax ( )j
j

y Z= � (11)

Algorithm: MHSA-SAE

Input: X ∈ ℝnxtxd

Output: Y ∈ ℝnxc

1. Preprocess:
X ← Normalize(X)
2. Encode:
	 ( )    SAEH f X←

3. Apply Attention:
    Q, K, V ← Linear(H)
     A ← MHSA(Q, K, V)
4. Classify:

	 ( )     ·   c cY Softmax W A b← +

Return Y

The proposed algorithm starts by receiving 
time-series data collected from wearable sensors, 
which includes multiple samples recorded over time 
with several features per time step (like  accelerometer, 
gyroscope, etc.). First, the data is preprocessed—this 
typically involves normalization to bring all features 
into a similar range so the model can learn efficiently 
and consistently.

Once the data is preprocessed, it is fed into a 
SAE. This component is responsible for learning 
compressed, meaningful representations of the input 
data without supervision. Each layer in the SAE cap-
tures increasingly abstract features from the sensor 
signals, helping to remove noise and redundancy 
while preserving important patterns related to human 
activities.

After the SAE has extracted these latent features, 
a MHSA mechanism is applied. This part of the model 
is crucial for capturing long-range dependencies in 
the time-series data. Rather than treating each time 
step independently or only relying on nearby time 
points, MHSA examines relationships across all time 
steps in parallel. Multiple attention “heads” are used, 
each focusing on different aspects or patterns in the 
data—some might capture short bursts of motion, 
while others detect broader trends or sequences of 
actions.

Finally, the attention-enhanced feature rep-
resentation is passed through a classification layer, 
which maps the refined features to a set of activity 
categories (like walking, sitting, running, etc.). A soft-
max function at the end produces probabilities for 
each activity, selecting the one with the highest like-
lihood as the predicted output. This entire pipeline 
allows the model to learn from both the local features 
and the global temporal structure of human activ-
ity data, making it well-suited for accurate activity 
recognition.

j.  Data preprocessing

Before feeding the raw sensor signals into the MHSA-
SAE model, several preprocessing steps were per-
formed to clean, segment, and normalize the data:

•  Z-score normalization was applied to each sen-
sor channel to transform the data to zero mean 
and unit variance. This ensures scale consistency 
across features and improves convergence during 
training.

•  Low-pass filtering using a fourth-order Butter-
worth filter with a cutoff frequency of 20 Hz was 
employed to remove high-frequency noise arti-
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facts from accelerometer and gyroscope signals.
•  Segmentation was conducted using a fixed-

length sliding window of 2.56 s (128 time steps at 
50 Hz) with a 50% overlap to maintain temporal 
continuity across frames.

•  Label alignment was performed by assigning 
each window the majority class label based on the 
ground truth activity within that segment.

In addition to the IMU signal preprocessing, multi-
modal synchronization and enhancement procedures 
were applied to integrate physiological and contextual 
data streams. Timestamp synchronization was per-
formed to align IMU, ECG, PPG, and GPS signals into 
a unified temporal reference using linear interpolation. 
ECG and PPG signals were filtered using a band-
pass filter (0.5–40 Hz) to suppress motion artifacts 
and baseline wander, while GPS data were smoothed 
using a median filter to eliminate spurious location 
jumps. Missing data points were interpolated where 
feasible, and outlier sequences caused by signal 
dropouts were discarded. To enhance model gener-
alization, minor random jitter and rotation augmen-
tations were applied to IMU data, simulating sensor 
orientation variations.

k.  Model training and evaluation

The MHSA-SAE model was trained and evalu-
ated using the preprocessed multimodal dataset 
described in the previous section. The dataset was 
divided into 70% training, 15% validation, and 15% 
testing sets, ensuring participant-level separation to 
prevent data leakage between sets.

l. Training configuration

• � Optimizer: Adam optimization algorithm was 
used due to its adaptive learning rate capability 
and efficient convergence on high-dimensional 
data.

• � Initial Learning Rate: 0.001 with  exponential 
decay applied every 10 epochs to stabilize 
 learning.

• � Batch Size: 64 samples per batch.
• � Epochs: 100 training epochs with early stopping 

applied if validation loss did not improve for 10 
consecutive epochs to prevent overfitting.

• � Loss Function: Categorical cross-entropy, suita-
ble for multi-class activity classification.

• � Activation Functions: ReLU for hidden layers 
and Softmax for the final output layer.

• � Regularization: Dropout layers (rate = 0.3) 
were included after each dense block to reduce 
 overfitting.

m.  Evaluation metrics

The model’s performance was assessed using multi-
ple metrics to provide a comprehensive evaluation of 
classification effectiveness:

• � Accuracy to measure overall correct classifica-
tion rate.

• � Precision, Recall, and F1-score to evaluate per-
class performance and balance between false 
positives and false negatives.

• � AUC to assess discriminative capability across all 
classes.

m.  Validation strategy:

The training process incorporated both valida-
tion-based early stopping and hyperparameter tuning 
using grid search to optimize learning rate, attention 
head count, and autoencoder layer dimensions. The 
best-performing model, as determined by validation 
F1-score, was then evaluated on the held-out test set 
to report final performance metrics.

IV.  Results and Discussion

The evaluation of the MHSA-SAE framework was 
carried out using the mHealth HAR dataset, which 
includes raw time-series signals from 3 IMUs posi-
tioned on the chest, right wrist, and left ankle. These 
sensors captured 3-axis accelerometer, gyroscope, 
and magnetometer readings, along with ECG signals 
from the chest IMU, at a sampling rate of 50 Hz. In 
addition to the publicly available mHealth HAR sig-
nals, an experimental study was conducted to vali-
date the robustness of the framework in real-world 
conditions. The study involved 38 adult participants 
(aged between 22 and 50 years) and spanned 12 
consecutive weeks, ensuring adequate coverage 
of daily and weekly lifestyle variations. Each partici-
pant’s data stream included accelerometer signals 
capturing motion and posture patterns, PPG readings 
for heart rate and physiological monitoring, and GPS 
logs providing contextual information about mobility 
trajectories and activity environments.

Participants also provided user-submitted annota-
tions through a mobile application interface, record-
ing activity labels (e.g., sitting, standing, walking, 
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commuting, exercising), subjective self-reports, and 
event markers at periodic intervals. These annotations 
were then cross-referenced with system- generated 
timestamps from sensor data to ensure synchro-
nization and consistency. The resulting  multimodal 
dataset was subsequently aligned, filtered, and 
 segmented for model training and evaluation within 
the proposed MHSA-SAE framework.

Before model training, a systematic preprocessing 
pipeline was applied, as described in Section 3. This 
included:

•  Z-score normalization to ensure standardized 
feature scales,

•  Low-pass filtering to remove high-frequency 
noise,

•  Segmentation using a sliding window of 2.56 s 
with 50% overlap, and

•  Label alignment based on the window majority 
class.

The dataset was divided into 70% training, 15% 
validation, and 15% testing subsets. Model training 
utilized the Adam optimizer with an initial learning 
rate of 0.001, batch size of 64, and 100 epochs. Early 
stopping based on validation loss was implemented 
to prevent overfitting.

All experiments were conducted on a high-
performance computing workstation with an Intel 
Core i9-12900K CPU, 32 GB RAM, and an NVIDIA 
GeForce RTX 3080 GPU (10 GB VRAM). The MHSA-
SAE model was developed using Python 3.10, 
TensorFlow 2.12, and Keras. Supporting tools such 
as NumPy, Pandas, and SciPy were employed for 
data handling, while Matplotlib and Seaborn were 
used for performance visualization. Experiments 
were performed on Windows 11 (64-bit) with 
CUDA 11.8 and cuDNN 8.6 for GPU acceleration. 
To ensure reproducibility, fixed random seeds were 
used, and all results were averaged over five inde-
pendent runs.

The MHSA-SAE framework achieved signifi-
cant improvements in recognizing complex human 
activities compared to conventional DL models. 
Performance was evaluated using accuracy, preci-
sion, recall, F1-score, and AUC metrics. Experimental 
findings indicate that the proposed model outper-
formed baseline architectures such as CNN, BiLSTM, 
and transformer-based HAR models, demonstrating 
superior generalization and feature representation 
capabilities.

Table 1 shows the performance of the study on 
the test set.

The MHSA-SAE model achieves high accuracy 
and AUC, indicating strong predictive ability and 
robustness to class imbalance in the mHealth data-
set. Table 2 provides a breakdown of classification 
performance for each PA class in the mHealth HAR 
dataset using the proposed MHSA-SAE model. 
Figure 2 shows the comparison against the activity 
class.

To provide an intuitive understanding of the mod-
el’s performance across different physical activities, a 
visual depiction of each activity along with its recogni-
tion accuracy is presented in Figure 3.

This granular evaluation allows us to under-
stand how well the model performs on individual 
 activity categories, which is crucial in HAR applica-
tions where class imbalance and similarity between 
motion patterns can affect model accuracy. The 
highest performance was observed for standing 
and walking activities, with F1-scores of 98.2% and 
97.1%, respectively. These activities tend to have 
more consistent and less noisy signal patterns 
from wearable sensors, as also reported by Wang 
et al. (2023), who found that stationary activities 

Table 1: Performance of MHSA-SAE on 
test set

Metric Value (%)
Accuracy 97.82

Precision 96.45

Recall 96.90

F1-score 96.67

AUC 98.10

AUC, area under the receiver operating characteristic 
curve; MHSA-SAE, multi-head self-attention 
enhanced stacked autoencoder.

Table 2: Class-wise precision, recall, and 
F1-score

Activity 
Class

Precision 
(%)

Recall 
(%)

F1-Score 
(%)

Standing 98.1 98.4 98.2

Walking 97.3 96.9 97.1

Running 95.0 94.6 94.8

Sitting 96.7 97.0 96.8

Lying 
down

94.5 95.3 94.9

Climbing 
stairs

93.1 92.7 92.9
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Figure 2: Comparison against the activity class.

Figure 3: Pictorial representation of physical activities (standing, sitting, walking, running, lying 
down, and climbing stairs) along with their corresponding recognition accuracies based on the 
MHSA-SAE model. MHSA-SAE, multi-head self-attention enhanced stacked autoencoder.
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Figure 4: Accuracy comparison. MASH, method for activity sleep harmonization; MHSA-SAE, 
multi-head self-attention enhanced stacked autoencoder; SVM, support vector machine.

generally result in clearer and more repeatable 
sensor profiles. For more dynamic activities such 
as running and climbing stairs, the F1-scores were 
slightly lower (94.8% and 92.9%, respectively). 
Figures 4–6 show the comparison of accuracy, F1 
score, and AUC.

Chong et al. [15] utilized a feature selection 
approach combined with a SVM for activity recogni-
tion, achieving an accuracy of 91.80%, an F1-score of 
90.50%, and an AUC of 92.30%. While this approach 
yielded reasonable performance, the results indicate 
that feature selection alone may not fully capture the 
complex temporal and spatial dependencies in the 
sensor data, which is addressed more effectively by 
DL models.

Jeong et al. [12] employed DL techniques along 
with noninvasive biomarkers to recognize activities. 
Their model performed slightly better than Chong 
et al. [15], achieving 93.20% accuracy, 92.70% 
F1-score, and 93.90% AUC. While DL models often 
perform better due to their ability to automatically 
learn complex features from raw data, Jeong et al.’s 
[12] approach did not incorporate advanced mech-
anisms such as attention layers, which can further 
enhance performance.

Dooley et al. [13] proposed a method called 
MASH Harmonization with Wearables, which focused 

on aligning data from multiple wearable devices to 
improve activity recognition. This method achieved an 
accuracy of 94.60%, F1-score of 93.80%, and AUC of 
95.10%. The harmonization approach is beneficial in 
handling inconsistencies from different sensors, but 
still falls short compared to the more advanced fea-
ture extraction and attention mechanisms used in the 
MHSA-SAE model.

Proposed MHSA-SAE (Ours) achieved a remark-
able performance with an accuracy of 97.82%, an 
F1-score of 96.67%, and an AUC of 98.10%. The sig-
nificant improvement in these metrics can be attrib-
uted to the MHSA mechanism, which effectively 
captures long-range dependencies in the time-series 
data, as well as the SAE for unsupervised feature 
extraction. These components allow the MHSA-SAE 
model to better handle complex and noisy sensor 
data, leading to more precise activity recognition. 
Additionally, the attention mechanism ensures that 
the model focuses on the most relevant temporal 
features, enhancing both classification accuracy and 
robustness.

The MHSA-SAE architecture significantly outper-
forms traditional and recent DL approaches. The inte-
gration of self-attention mechanisms improves tem-
poral modeling compared to static feature extraction 
techniques used in prior work.
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Figure 5: F1 score comparison. MHSA-SAE, multi-head self-attention enhanced stacked 
autoencoder; SVM, support vector machine.

Figure 6: ROC curve. AUC, area under the receiver operating characteristic curve; MHSA-SAE, 
multi-head self-attention enhanced stacked autoencoder.
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a.  Comparison with existing methods

To validate the effectiveness of the MHSA-SAE frame-
work, we benchmarked it against existing HAR mod-
els, as shown in Table 3.

The results show that MHSA-SAE consistently 
outperforms existing methods by a margin of 3%–6% 
in accuracy, 3%–6% in F1-score, and 3%–5% in AUC. 
These improvements are attributed to the combina-
tion of SAE for robust feature extraction and MHSA 
for capturing long-range temporal dependencies.

Table 4 presents the results of an ablation study 
to assess the impact of different components in the 
MHSA-SAE model. The SAE-only configuration, 
which lacks attention, achieves a moderate perfor-
mance with an accuracy of 93.10% and an F1-score 
of 91.90%. Adding a Single-Head Attention mecha-
nism improves performance to 95.30% accuracy and 
94.40% F1-score, highlighting the benefit of capturing 
temporal dependencies. The Full MHSA-SAE model, 
with multi-head attention, provides the best results, 
achieving an accuracy of 97.82% and an F1-score of 
96.67%, showcasing the significant improvement in 
performance by allowing the model to attend to mul-
tiple aspects of the time-series data simultaneously. 
This demonstrates the critical role of multi-head 
attention in enhancing activity recognition.

Table 5 illustrates the training and validation accu-
racy of the MHSA-SAE model over different epochs 
during the training process. Initially, at epoch 10, 
the training accuracy is 84.60%, while the valida-
tion accuracy is 82.30%. As the model progresses, 
both accuracies increase steadily. By epoch 30, the 
training accuracy reaches 91.20%, with a validation 
accuracy of 89.70%. By epoch 60, the model’s per-
formance further improves to 96.10% training accu-
racy and 94.80% validation accuracy, demonstrating 
the model’s ability to generalize well. The training 
accuracy peaks at 98.00% and validation accuracy 
at 97.40% by epoch 100, indicating that the model 
has successfully learned and is now achieving high 
performance on both training and unseen data. The 
minimal gap between training and validation accuracy 
suggests that the model is not overfitting and is gen-
eralizing effectively.

V.  Conclusion

This paper proposed a novel framework named 
MHSA-SAE for robust HAR using the mHealth HAR 
dataset. The architecture effectively integrates SAE 
for unsupervised feature extraction and an MHSA 
mechanism to model long-range temporal depend-
encies in time-series sensor data. Through extensive 

Table 3: Comparison with existing methods

Model/Methodology Accuracy (%) F1-score (%) AUC (%)
Chong et al. [15] - Feature selection + SVM 91.80 90.50 92.30

Jeong et al. [12] – DL with noninvasive biomarkers 93.20 92.70 93.90

Dooley et al. [13]- MASH harmonization with wearables 94.60 93.80 95.10

Proposed MHSA-SAE (Ours) 97.82 96.67 98.10

AUC, area under the receiver operating characteristic curve; DL, deep learning; MHSA-SAE, multi-head 
self-attention enhanced stacked autoencoder; SVM, support vector machine.

Table 4: Ablation study – impact of model 
components

Configuration Accuracy (%) F1-score (%)

SAE only (no 
attention)

93.10 91.90

SAE + single-head 
attention

95.30 94.40

Proposed study 97.82 96.67

SAE, stacked autoencoder.

Table 5: Training vs. validation accuracy 
over epochs

Epoch Training 
accuracy (%)

Validation 
accuracy (%)

10 84.60 82.30

30 91.20 89.70

60 96.10 94.80

90 97.80 97.20

100 98.00 97.40
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evaluation, the model demonstrated outstanding 
performance, achieving 97.82% accuracy, 96.67% 
F1-score, and 98.10% AUC, outperforming several 
existing methods in the literature. The class-wise 
metrics confirmed the model’s high precision and 
recall across diverse activity categories, indicating 
its reliability in distinguishing fine-grained movement 
patterns. Ablation studies further validated the impor-
tance of the attention mechanism, revealing signifi-
cant performance improvements when multi-head 
attention is incorporated. The proposed framework 
offers a scalable and generalizable solution for sen-
sor-based activity recognition, with strong potential 
applications in health monitoring, fitness tracking, 
and behavior analysis. Future work will focus on opti-
mizing computational efficiency, extending the model 
to multimodal datasets, and deploying it in real-
time embedded systems for mobile and wearable 
platforms
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