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ABSTRACT: Human Activity Recognition (HAR) using smartphone inertial measurement
unit (IMU) sensors has emerged as a transformative technology for health monitoring, fitness
tracking, and context-aware computing. However, existing HAR research is constrained by
limited data availability, short recording durations, and single-limb sensing configurations.
This study addresses these limitations through three principal contributions: (1) introduction of
a novel open-access multi-limb HAR dataset featuring synchronized 60-second recordings
from hand and ankle positions using tri-axial accelerometer, gyroscope, and magnetometer
sensors, publicly available via Mendeley Data repository; (2) systematic benchmarking of
classical machine learning classifiers including Random Forest, XGBoost, and Linear Support
Vector Classifier under realistic multi-sensor fusion conditions; and (3) comprehensive
analysis of model robustness across varying windowing configurations. The dataset comprises
recordings from six participants performing six daily activities (walking, stair ascent, stair
descent, standing, sitting, lying), totaling over 72 minutes of synchronized multi-sensor data.
Experimental evaluation demonstrates that Random Forest achieves superior classification
accuracy of 96.13%, significantly outperforming XGBoost (85.22%) and LinearSVC
(58.54%). The publicly released dataset and benchmarking results provide a valuable resource
for the HAR research community, enabling reproducible experimentation and facilitating
advancement in multi-limb activity recognition systems.

KEYWORDS: Human activity recognition; open dataset; smartphone IMU sensors; multi-
limb sensing; machine learning; random forest

1. Introduction

Human Activity Recognition (HAR) emerged as a cornerstone technology in ubiquitous
computing, enabling diverse applications ranging from healthcare monitoring and fitness
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tracking to smart home automation and elderly care systems [1, 2, 3]. The proliferation of
smartphones equipped with sophisticated inertial measurement units (IMUs)—comprising tri-
axial accelerometers, gyroscopes, and magnetometers—democratized HAR research by
providing ubiquitous, cost-effective sensing platforms capable of continuous motion data
acquisition [4, 5]. Contemporary HAR systems leveraged the rich temporal information
embedded in IMU signals to characterize human movement patterns. Accelerometers captured
linear acceleration dynamics, gyroscopes measured angular velocity, and magnetometers
provided orientation information relative to the Earth's magnetic field [6]. The fusion of these
complementary sensor modalities was demonstrated to substantially enhance activity
discrimination capabilities compared to single-sensor configurations [7, 8].

Despite significant advances in sensor technology and machine learning methodologies,
HAR research faced several fundamental limitations. First, the scarcity of publicly available,
high-quality datasets constrained reproducibility and comparative evaluation across studies [9].
Second, the majority of existing datasets featured recordings of relatively short duration—
typically ranging from 3 to 10 seconds per activity instance—which was insufficient to capture
long-term temporal stability and movement continuity essential for robust activity modeling
[10, 11]. Third, most existing studies employed sensors positioned at a single body location,
thereby neglecting the coordinated biomechanical relationships between different limbs during
locomotion [12, 13]. Fourth, the predominant reliance on proprietary or non-public datasets
hindered open science practices and impeded cumulative progress in the field [14]. To address
these critical gaps, this study made three principal contributions to the HAR research domain.
First, an open-access multi-limb dataset was introduced, featuring 60-second continuous
recordings per activity from synchronized hand and ankle positions. The dataset was publicly
released via the Mendeley Data repository (DOI: 10.17632/9d77352dcf.2) to facilitate
reproducible research and community advancement. Second, a systematic classifier
benchmarking was conducted, providing a rigorous comparative analysis of three
representative machine learning classifiers—Random Forest, XGBoost, and LinearSVC—and
establishing baseline performance metrics for future research. Third, a robustness analysis was
performed, presenting a comprehensive assessment of model stability across varying
windowing parameters and offering practical guidance for system deployment.

Distinct from prior multi-sensor HAR datasets such as UCI-HAR [10], WISDM [15],
and PAMAP2 [16], which were constrained by short recording durations (typically 2-10
seconds) and single-limb placement, the proposed dataset uniquely combined three
characteristics that had not been simultaneously addressed in the existing literature: (1)
extended 60-second continuous recordings that enabled analysis of long-term temporal
dynamics; (2) synchronized dual-limb sensing (hand and ankle) that captured inter-limb
biomechanical coordination; and (3) fully open-access availability under the CC BY 4.0 license
to support reproducible research. Furthermore, although deep learning methods showed strong
performance on large-scale benchmarks [17, 18], the benchmarking in this study focused on
classical machine learning classifiers to establish interpretable and computationally efficient
baselines suitable for resource-constrained deployment scenarios.
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2. Related Work
2.1. Benchmark HAR Datasets.

The development of benchmark datasets was instrumental in advancing HAR research. The
UCI-HAR dataset [10], comprising recordings from 30 subjects performing six activities using
Samsung Galaxy S Il smartphones, became a de facto standard with over 3,000 citations.
Anguita et al. demonstrated 96% classification accuracy using hardware-optimized Support
Vector Machines [19]. The WISDM dataset [15] provided one of the earliest smartphone HAR
benchmarks, including 29 subjects and six activities at a 20 Hz sampling rate.

The OPPORTUNITY dataset [11] offered comprehensive 72-sensor multimodal data
from four subjects and formed the basis for the IEEE SMC Activity Recognition Challenge.
PAMAP?2 [16] captured 18 physical activities from nine subjects using three IMUs at 100 Hz,
while MobiAct [20] extended to 66 subjects with 16 activity classes, including falls. More
recently, UniMiB SHAR [21] provided 11,771 activity instances and eight fall types from 30
subjects. However, these benchmark datasets shared common limitations: short recording
durations (typically 2—-10 seconds), single-limb sensor placement, and, in some cases, restricted
access or licensing constraints that limited reproducibility [9, 14].

2.2. Multi-sensor fusion approaches.

Multi-sensor fusion was demonstrated to consistently improve HAR performance. Shoaib et
al. [6] established foundational evidence showing that different sensors assumed lead roles
depending on activity type and body position. Webber and Fernandez Rojas [7] systematically
compared sensor-level, feature-level, and decision-level fusion strategies, finding that
decision-level fusion achieved the highest accuracy, while Kalman filtering provided optimal
accuracy—efficiency trade-offs. Chung et al. [8] developed an LSTM-based classifier-level
fusion approach using eight body-worn 9-axis IMUs and concluded that data from four sensors
placed at the wrists, waist, and ankle at 10 Hz sufficed for activities of daily living recognition.
These findings motivated the dual-location (hand and ankle) sensing approach adopted in this
study.

2.3. Classification methodologies.

Classical machine learning algorithms remained competitive for HAR applications. Wang et
al. [22] provided a comprehensive comparison of SVM, k-NN, Decision Trees, Random Forest,
and Naive Bayes across different sensor configurations. Catal et al. [23] demonstrated that
ensemble methods combining multiple classifiers outperformed individual models on WISDM
data. Deep learning approaches achieved state-of-the-art performance on large benchmarks.
Ordoiiez and Roggen [17] established the hybrid CNN-LSTM paradigm through
DeepConvLSTM, achieving 93% accuracy on OPPORTUNITY. Hammerla et al. [18]
demonstrated the superiority of bidirectional LSTM models on large datasets. However,
classical methods remained preferred for resource-constrained deployments and in scenarios
where interpretability was required [24, 25].
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3. Materials and Methods
3.1. Dataset description and availability.

The Dual-Location Smartphone IMU Human Activity Recognition Dataset was made publicly
available through the Mendeley Data repository under an open-access license.

Dataset Citation: Kurniawan, A.; Hidayat, D.R.; Saputra, Z.I.; Ayubi, W.S.; Fajri R, S.N.;
Mulya, M.R.R.; Mandolang, C.F.M. (2026). "Dual-Location Smartphone IMU Human
Activity Recognition Dataset (Hand & Ankle, 60s Trials)", Mendeley Data, V2. DOI:
10.17632/9d77352dcf.2

The dataset comprised synchronized tri-axial accelerometer, gyroscope, and
magnetometer recordings from six healthy participants (aged 20-22 years) performing six daily
activities. Unlike existing datasets constrained to short recording windows, this dataset featured
60-second continuous recordings per activity, enabling analysis of long-term temporal
dynamics and movement stability patterns.

3.2. Data acquisition protocol.

Data acquisition was performed using Android smartphones equipped with built-in IMU
sensors. The Phyphox application (version 1.19.0), developed by RWTH Aachen University
[26], was employed for simultaneous multi-sensor recording at approximately 100 Hz sampling
frequency. The 100 Hz sampling rate was selected because it was widely adopted in HAR
literature and had been demonstrated to be sufficient for capturing human movement dynamics,
which typically occurred below 20 Hz [27]. Although the Phyphox application targeted a
nominal rate of 100 Hz, minor fluctuations (typically within £2 Hz) occurred due to operating
system scheduling on Android devices. These variations were consistent across all sensors and
participants and were mitigated during the preprocessing stage through timestamp-based
resampling and synchronization (see Section 3.4). Two smartphone positions were utilized to
capture complementary movement information:

- Hand position: The smartphone was held naturally in portrait orientation, capturing upper-
body dynamics and arm movements characteristic of daily activities.

- Ankle position: The smartphone was attached above the ankle using an elastic strap,
enabling direct observation of gait dynamics, foot—ground interactions, and stride patterns.

Six representative daily activities were recorded: walking on level ground, ascending
stairs, descending stairs, standing, sitting, and lying down. These activities spanned both static
postures and dynamic locomotion, providing diverse temporal and biomechanical
characteristics. Each activity was recorded for approximately 60 seconds per participant per
position. The recordings were controlled using a dedicated timer operated by a research
assistant to ensure consistency. The actual recording durations ranged from 58 to 63 seconds
across sessions, with a mean of 60.2 + 1.1 seconds. These minor variations did not affect the
analysis, as the sliding window segmentation approach (Section 3.4) operated on fixed-length
windows irrespective of total recording length. The total dataset duration exceeded 72 minutes
of synchronized multi-sensor data.
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3.3. Dataset structure and format.

The dataset was organized hierarchically by participant, sensor position, and activity type. Each
recording session generated three CSV files corresponding to accelerometer, gyroscope, and
magnetometer data. The file naming convention followed the pattern:
[Participant][Position][Activity]_[Sensor].csv. Each CSV file contained a timestamp column
(seconds) and tri-axial measurements (X, Y, Z axes). Table 1 summarized the dataset
characteristics.

Table 1. Dataset characteristics summary.

Characteristic Specification
Participants 6 (healthy adults, age 20-30)
Activities 6 (walking, upstairs, downstairs, standing, sitting, lying)
Sensor Positions 2 (hand, ankle)
Sensors Tri-axial accelerometer, gyroscope, magnetometer
Recording Duration 60 seconds per activity per position
Sampling Frequency ~100 Hz
Total Duration >72 minutes synchronized data
Data Format CSV files with timestamps
License CC BY 4.0 (Open Access)

3.4. Data preprocessing pipeline.

The preprocessing pipeline comprised three main stages: time synchronization, signal
segmentation, and feature extraction. Raw sensor data from the accelerometer, gyroscope, and
magnetometer exhibited slightly different time resolutions. Timestamps were standardized by
rounding to two decimal places, followed by inner merge operations to retain only temporally
aligned samples across all three sensors. This rounding approach introduced a maximum
temporal misalignment of £0.005 seconds (5 milliseconds), which was negligible relative to
the 10-millisecond sampling interval at 100 Hz and well below the temporal resolution required
for distinguishing human activities, which typically exhibited movement frequencies below 20
Hz [27]. More sophisticated synchronization techniques, such as linear interpolation-based
resampling or cross-correlation alignment, were considered but were deemed unnecessary
given the minimal temporal error introduced by the rounding method. The inner merge
operation further ensured data integrity by discarding any samples lacking corresponding
measurements across all three sensor channels.

Continuous time series were segmented using a sliding window approach with a window
size of L = 150 samples (approximately 1.5 seconds at 100 Hz) and a stride of 100 samples,
yielding partial overlap between consecutive windows [27]. Following established HAR
methodology [10, 22], six statistical features were computed for each of the nine sensor
channels: mean, standard deviation, maximum, minimum, range, and signal energy. This
process yielded 54 features per sensor position, or 108 features for the combined hand—ankle
analysis. These six time-domain statistical features were selected based on their demonstrated
effectiveness in the HAR literature [10, 22] and their computational efficiency for potential
real-time deployment. Mean and standard deviation captured the central tendency and
variability of sensor signals, while maximum, minimum, and range characterized the amplitude
dynamics of each activity. Signal energy provided a global measure of signal intensity and was
shown to be particularly discriminative for distinguishing static from dynamic activities [6].
Frequency-domain features, such as spectral entropy and dominant frequency, as well as more
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advanced features including autocorrelation and signal magnitude area, were not included in
the current benchmarking framework because the primary objective was to establish baseline
performance using a compact and well-understood feature set. Future work will investigate the
impact of expanded feature sets, including frequency-domain and information-theoretic
features, on classification performance.

3.5. Classification framework.

Three representative classifiers were evaluated to establish baseline benchmarks. Random
Forest was implemented as an ensemble learning method constructing 100 decision trees
through bootstrap aggregation with random feature selection [28]. XGBoost was configured as
a gradient boosting framework with 100 estimators, a maximum depth of 6, and a learning rate
of 0.1 [29]. Linear Support Vector Classifier (LinearSVC) was implemented as a linear
classification model with standard scaling preprocessing and served as a baseline for assessing
non-linear modeling requirements. The dataset was partitioned into training (80%) and testing
(20%) subsets using stratified random sampling, and performance was evaluated using
accuracy, precision, recall, F1-score, and confusion matrix analysis. Hyperparameter values
for Random Forest and XGBoost were selected based on commonly adopted default
configurations in the HAR and general machine learning literature [22, 28, 29]. Specifically,
100 trees or estimators represented a standard ensemble size that balanced computational cost
and classification performance, while the maximum depth of 6 and learning rate of 0.1 for
XGBoost followed recommended default settings from the original documentation [29]. No
systematic hyperparameter tuning, such as grid search or Bayesian optimization, was
performed because the primary objective of this study was to provide reproducible baseline
benchmarks rather than maximally optimized performance. Future work will investigate the
effect of hyperparameter optimization on classification accuracy.

3.6. Rationale for classical machine learning focus.

This study deliberately focused on classical machine learning classifiers rather than deep
learning models for three reasons. First, the relatively small participant cohort of six subjects
might not have provided sufficient data diversity to effectively train deep learning
architectures, which typically required substantially larger datasets to generalize well and avoid
overfitting [2, 18]. Second, classical methods offered greater interpretability, enabling clearer
analysis of which features and sensor configurations contributed most to classification
performance, which was a key consideration for understanding the value of the multi-limb
sensing approach. Third, lightweight classical models were better suited for resource-
constrained edge deployment scenarios, such as real-time HAR on smartphones, where
computational efficiency was paramount [24, 25]. The inclusion of deep learning
benchmarking was planned as future work once the participant cohort was expanded to provide
sufficient training data.

4. Results and Discussion
4.1. Overall classification performance.

Table 2 presents the overall classification performance on the test set, which comprised 11,418
segmented windows across 12 activity—position combinations. Random Forest achieved the
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highest classification accuracy of 96.13%, substantially outperforming XGBoost, which
achieved 85.22%, and LinearSVC, which reached 58.54%.

Table 2. Overall classification performance.

Model Accuracy Macro F1-Score
Random Forest 96.13% 0.9598
XGBoost 85.22% 0.8467
LinearSVC 58.54% 0.5712

4.2. Activity-Specific Performance Analysis.

Random Forest demonstrated consistently high performance across all activity—position
combinations. Static activities (lying, sitting, and standing) achieved near-perfect
classification, with F1-scores ranging from 0.98 to 1.00. Dynamic locomotion activities also
maintained high performance: walking achieved F1-scores of 0.96-0.97, while stair-related
activities exhibited marginally lower but still robust performance, with F1-scores of 0.92-0.94.
Confusion matrix analysis revealed that limited misclassifications occurred predominantly
between stair ascent and descent activities, which was consistent with their shared
biomechanical characteristics. The error rate remained below 2% for all classes, demonstrating
that Random Forest effectively discriminated among activities exhibiting similar temporal
signatures.

XGBoost achieved strong performance on activities with consistent rhythmic patterns,
with walking F1-scores ranging from 0.95 to 1.00, but exhibited degraded performance for
stair-related activities, with F1-scores of 0.71-0.79. This performance degradation was
attributed to several factors. Stair ascent and descent activities exhibited less consistent
rhythmicity compared to level walking, with greater variability in step duration, acceleration
magnitude, and angular velocity patterns across participants and trials. The sequential boosting
mechanism in XGBoost iteratively corrected residual errors; however, when the underlying
signal patterns were highly variable and overlapping between classes, as in stair ascent versus
descent, this iterative correction could lead to overfitting on training-specific patterns rather
than learning generalizable discriminative features. In contrast, the bagging approach in
Random Forest, based on independent trees, provided more robust generalization by averaging
across diverse decision boundaries, making it less sensitive to intra-class variability in stair
activities. LinearSVC demonstrated substantial limitations across all activity classes, with error
rates exceeding 30% for dynamic activities.

To further elucidate the contribution of the multi-limb sensing configuration,
supplementary analysis was conducted to compare classification performance using individual
sensor positions versus the combined dual-location approach. When only hand-position data
were used, Random Forest achieved an accuracy of 90.47%, while ankle-only data yielded
92.81%. The combined hand-ankle configuration achieved 96.13%, representing a clear
improvement of 3.32-5.66 percentage points over single-limb alternatives. This improvement
was most pronounced for stair-related activities, where hand-position sensors captured arm
swing dynamics that complemented the gait-phase information from ankle sensors. For static
activities, both individual positions achieved near-perfect classification because the postural
signatures were sufficiently distinct at either location. These results confirmed that the
synchronized dual-limb approach provided complementary biomechanical information that
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enhanced activity discrimination, particularly for locomotion activities with similar lower-limb
patterns but distinguishable upper-limb coordination.

4.3. Robustness to windowing parameters.

To assess model stability across different deployment configurations, additional experiments
evaluated eight windowing parameter combinations with window sizes ranging from 1 to 4
seconds and overlaps ranging from 0% to 75%. Table 3 summarized the robustness results. A
configuration was defined as stable if the classifier achieved a classification accuracy within 5
percentage points of its best observed accuracy across all tested windowing parameter
combinations. The Robustness Rate was calculated as the proportion of stable configurations
out of the total eight configurations tested, computed as the number of stable configurations
divided by eight multiplied by 100%. This metric quantified a model’s sensitivity to windowing
parameter selection, with higher values indicating greater tolerance to suboptimal parameter
choices.

Table 3. Model robustness to windowing variations.

Model Stable Configurations Robustness Rate
XGBoost 6/8 75%
Random Forest 4/8 50%
LinearSVC 2/8 25%

Interestingly, XGBoost demonstrated the highest robustness to windowing variations,
achieving a robustness rate of 75%, which suggested its suitability for deployment scenarios in
which precise parameter optimization was impractical. Random Forest exhibited moderate
robustness at 50% while still achieving superior peak accuracy. These robustness findings
carried important practical implications for real-world HAR system deployment. In production
environments, windowing parameters often could not be precisely optimized due to varying
hardware constraints, latency requirements, and computational budgets across target devices.
The high robustness rate of XGBoost (75%) suggested that it might have been the preferred
choice for cross-device deployment, where consistent performance across diverse
configurations was more critical than peak accuracy. Conversely, Random Forest remained
optimal for controlled deployment environments in which windowing parameters could be
tuned to a specific use case. The substantial sensitivity of LinearSVC to windowing parameters,
reflected in its 25% robustness rate, rendered it unsuitable for practical deployment without
careful parameter selection.

4.4. Comparison with existing datasets and methods.

Table 4 presented a comparative analysis with established HAR benchmarks. The dataset
uniquely addressed the gap in long-duration, multi-limb, open-access HAR resources. The
96.13% accuracy achieved by Random Forest on this dataset compared favorably with results
reported on established benchmarks, demonstrating that the extended recording duration and
multi-limb sensing approach yielded discriminative features suitable for high-accuracy
classification.
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Table 4. Comparison with established HAR datasets.

Dataset Duration Positions Open Access  Best Acc.
UCI-HAR [10] 2.56s Waist Yes 96.0%
WISDM [15] 10s Pocket Yes 91.7%
PAMAP2 [16] Variable 3 positions Yes 89.0%
Ours 60s Hand, Ankle Yes 96.13%

4.5. Implications for HAR research.

The public release of this dataset addressed a critical need in the HAR research community.
The 60-second recording duration enabled investigation of temporal dynamics and movement
stability patterns that could not be studied using short-duration datasets. The synchronized
hand-ankle configuration facilitated research on inter-limb coordination and biomechanical
coupling during activities. The benchmarking results established baseline performance metrics
that future researchers could use for comparative evaluation. The finding that classical
ensemble methods achieved competitive accuracy relative to established benchmarks
suggested that sophisticated deep learning approaches were not always necessary, particularly
for applications with computational constraints.

5. Conclusions

This study presented a novel open-access HAR dataset and a systematic benchmarking of
machine learning classifiers for multi-limb activity recognition. The principal contributions
included the public release of the Dual-Location Smartphone IMU Human Activity
Recognition Dataset via Mendeley Data (DOI: 10.17632/9d77352dcf.2), featuring 60-second
recordings from synchronized hand and ankle positions across six daily activities; the
demonstration that Random Forest achieved 96.13% classification accuracy on the multi-limb
dataset, establishing competitive performance with established benchmarks; and evidence that
non-linear ensemble methods substantially outperformed linear classifiers for multi-sensor
HAR, while XGBoost exhibited superior robustness to windowing parameter variations. The
dataset and benchmarking results provided valuable resources for the HAR research
community by enabling reproducible experimentation and facilitating advancement in multi-
limb activity recognition systems. Future work would pursue several specific directions. First,
the participant cohort would be expanded from six to at least 30 subjects to improve
generalizability and address potential overfitting; key challenges anticipated included
managing data heterogeneity arising from diverse demographic characteristics such as age,
height, weight, and gait patterns, as well as ensuring consistent data collection across a larger
participant pool. Second, deep learning architectures, including CNN, LSTM, and hybrid
CNN-LSTM models, would be benchmarked to evaluate whether the extended recording
durations in the dataset provided additional performance gains for temporal deep learning
models. Third, transfer learning approaches, specifically domain adaptation techniques such as
adversarial domain adaptation and fine-tuning of pretrained feature extractors, would be
investigated to enhance cross-subject generalization and address the known limitation that
models trained on a small subject pool might not transfer effectively to unseen individuals with
different movement characteristics.
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