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Abstract—This paper presents ActiSense  computing, digital health, and ambient
Al, a real-time human activity recognition assisted living. The proliferation of
(HAR) system leveraging wearable inertial  miniaturized inertial measurement units
measurement units (IMUs) coupled with a  (IMUs) embedded in commercial

hybrid deep learning architecture. The

proposed system integrates accelerometer,
gyroscope, and heart rate sensors embedded
in a wristband form factor with an edge-
deployed Convolutional Bidirectional Long
Short-Term  Memory  (CNN-BILSTM)
model. ActiSense Al recognizes eight
distinct daily activities including walking,
running, sitting, standing, stair climbing,
lying, cycling, and jumping with real-time
inference latency below 120 milliseconds.
Evaluated on the UCI-HAR, PAMAP2, and
a custom dataset, the proposed system
achieves 96.7% classification accuracy,
outperforming conventional machine
learning and deep learning baselines. The
system demonstrates practical viability for
healthcare monitoring, elderly care, sports
analytics, and rehabilitation applications.

Keywords: Human Activity Recognition,
Wearable Sensors, Deep Learning, CNN-

BILSTM, IMU, Edge  Computing,
Healthcare Monitoring, Real-Time
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1. INTRODUCTION

Human Activity Recognition (HAR) using
wearable sensors has emerged as a
foundational technology in  pervasive

wristbands, smartwatches, and patches has
democratized continuous motion capture at
low cost and high user acceptance.

Traditional HAR approaches relied on
camera-based vision systems, which impose
privacy  concerns, require  controlled
environments, and demand high
computational  infrastructure.  Wearable
sensor-based HAR circumvents these
limitations through body-worn devices that

capture locomotion, posture, and
physiological signals in an unobtrusive
manner.

The challenge in wearable HAR lies in
accurately distinguishing subtly different
motion patterns—such as standing versus
slow walking—from raw accelerometer and
gyroscope time-series, while maintaining
real-time inference on resource-constrained
edge hardware. Classical machine learning
methods such as Support Vector Machines
(SVM) and Random Forests require
handcrafted features that fail to capture
complex  spatiotemporal  dependencies.
Recurrent neural networks address temporal
dynamics, but suffer from vanishing gradient
issues over long sequences. Convolutional
networks excel at local feature extraction but
lack inherent sequence modeling.
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ActiSense Al addresses these limitations
through a hybrid CNN-BILSTM architecture
that simultaneously captures local motion
patterns and long-range temporal
dependencies  from  multi-sensor  data
streams. A sliding window segmentation
pipeline feeds into the model, while a post-
processing confidence calibration layer
reduces false transitions between activity
classes.

The system is validated across multiple
benchmark datasets and a proprietary dataset
collected from 30 volunteers performing
structured  activity protocols.  Results
demonstrate state-of-the-art accuracy with
sub-120 ms latency suitable for real-time
deployment on ARM Cortex-M7
microcontrollers and Raspberry Pi edge
nodes.

The remainder of this paper is organized as
follows: Section 2 reviews related literature;
Section 3 describes existing systems and
their limitations; Section 4 presents the
proposed methodology; Section 5 covers
experimental results and analysis; Section 6
concludes with future directions.

2. LITERATURE SURVEY

The field of wearable-based HAR has
evolved significantly over the past decade,
driven by advances in deep learning and
miniaturized sensor hardware. Table |
summarizes key prior works and their
limitations.

TABLE I. Summary of Prior HAR Research

Ref | Year | Method Dataset Limitation
[1] | 2019 | CNN UCI HAR Limited
activities

[2] | 2020 | LSTM PAMAP2 High latency

[3] | 2021 | SVM+RF | WISDM Low accuracy

[4] | 2022 | CNN- MHealth Complex setup
LSTM

[5] | 2023 | Transfor | OPPORTUN | Computationally
mer ITY heavy

[1] Ordoriez and Roggen (2019) proposed a
deep convolutional and LSTM recurrent
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network architecture for sensor-based
activity recognition on the UCI-HAR
dataset, demonstrating that end-to-end

learned features outperform handcrafted
descriptors. Their model achieved 92.1%
accuracy but was restricted to six basic
activities.

[2] Hammerla et al. (2020) conducted a
systematic comparison of deep learning
architectures on the PAMAP2 dataset,
establishing that bidirectional LSTM
networks capture asymmetric temporal
context in motion sequences. High inference
latency of 280 ms limited real-time
applicability.

[3] Ronao and Cho (2021) applied SVM and
Random Forest ensembles with frequency-
domain features on the WISDM dataset,
achieving 88.3%  accuracy at low
computational cost but exhibiting poor
generalization across inter-subject
variability.

[4] Chen and Xue (2022) introduced a CNN-
LSTM hybrid trained on the MHealth
dataset, demonstrating that convolutional
layers effectively extract local temporal
patterns while LSTM layers model activity
transitions. The system required a complex
multi-sensor chest and ankle hardware setup
limiting practical deployment.

[5] Zeng et al. (2023) applied Transformer-
based attention mechanisms to the
OPPORTUNITY dataset, achieving 94.2%
accuracy but requiring 3x more parameters
than CNN-LSTM, making edge deployment
infeasible on low-power wearables.

The reviewed literature reveals a consistent
trade-off between accuracy and
computational efficiency. ActiSense Al
bridges this gap by employing a compressed
CNN-BILSTM architecture with
quantization-aware training enabling edge
deployment without sacrificing recognition
accuracy.

3. EXISTING SYSTEM
3.1 Vision-Based HAR Systems
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Camera-based systems use RGB-D sensors
and  skeleton  tracking (OpenPose,
MediaPipe) for activity classification. While
achieving high accuracy (>95%), they
require fixed infrastructure, controlled
lighting, line-of-sight operation, and raise
significant privacy concerns in home and
clinical environments.

3.2 Smartphone Sensor-Based HAR

Smartphone-embedded accelerometers and
gyroscopes have been widely used for HAR.
Applications such as Google Fit and Apple
Health provide basic step counting and
activity detection. However, smartphone
position variability (pocket, bag, table)
introduces sensor orientation noise that
degrades model generalization across users
and scenarios.

3.3 Standalone ML-Based Wearable HAR

Commercial solutions such as Fitbit and
Garmin employ proprietary rule-based
classifiers and shallow ML models. These
systems recognize only 46 coarse activities
(walk, run, sleep, cycle) with undisclosed
accuracy metrics and lack real-time
feedback capability.

3.4 Limitations of Existing Systems

Key deficiencies identified in existing
systems include: (i) limited activity
vocabulary covering only basic locomotion;
(i1) offline batch processing precluding real-
time intervention; (iii) poor inter-subject
generalization due to reliance on handcrafted
features; (iv) high computational cost of
Transformer-based architectures
incompatible with wearable edge hardware;
(v) lack of integrated alert mechanisms for
healthcare applications.

4. RESEARCH METHODOLOGY

4.1 Proposed Architecture Diagram

The ActiSense Al system architecture
follows a six-layer processing pipeline from
raw sensor acquisition to real-time activity
output, as illustrated in Figure 1.

Wearable Sensors (Accelerometer +
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Gyroscope + Heart Rate)
v
Data Acquisition & Preprocessing
Module
\/

Feature Extraction (Time + Frequency
Domain Features)

v
AI/ML Classification Engine (CNN-
BiLSTM Hybrid)
\4

Activity Recognition Output (Real-Time
Dashboard)
v

Alert & Feedback System (Mobile /
Cloud Interface)

Fig. 1: ActiSense Al Proposed System Architecture

Layer 1 — Wearable Sensor Node: A
wristband-form-factor device integrates a 3-
axis accelerometer (ADXL345, +8g, 100
Hz), 3-axis gyroscope (ITG-3205, +500°/s,
100 Hz), and optical heart rate sensor
(MAX30102). Data is transmitted via
Bluetooth Low Energy (BLE 5.0) to an edge
processing unit.

Layer 2 — Data Acquisition and
Preprocessing: Raw sensor streams undergo
noise filtering using a 4th-order Butterworth
low-pass filter (cutoff 20 Hz). Gravity
component separation is applied to the
accelerometer via a median filter. Sensor
fusion via Madgwick AHRS algorithm
compensates for gyroscopic drift.

Layer 3 — Feature Extraction: Sliding
windows of 2.56 seconds with 50% overlap
(256 samples at 100 Hz) are processed to
extract 561 features comprising time-domain
statistics  (mean, standard  deviation,
skewness, kurtosis, RMS, zero-crossing rate)
and frequency-domain  features (FFT
spectral entropy, dominant frequency,
spectral energy) across all six sensor axes.

Layer 4 — CNN-BILSTM Classification
Engine: The feature windows are fed into a
three-stage model: (a) two 1D convolutional
layers (64 and 128 filters, kernel size 3,
ReLU activation, batch normalization, max-
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pooling) for spatial feature extraction; (b) a
bidirectional LSTM layer (256 units per
direction) with dropout regularization (rate
0.3) for temporal context modeling; (c) a
fully connected softmax classification head
outputting probabilities over 8 activity
classes.

Layer 5 — Activity Recognition Output:
Predicted activity labels with confidence
scores are rendered on a real-time mobile
dashboard (Android/iOS) updated at 10 Hz.
Activity logs are stored in InfluxDB time-
series database with user-configurable
session management.

Layer 6 — Alert and Feedback System: Rule-
based alert triggers monitor for anomalous
patterns—prolonged inactivity (>2 hours
sitting), abnormal heart rate combined with
fall-indicative acceleration signatures—and
dispatch push notifications to caregivers or
emergency contacts.

4.2 Proposed Algorithm

Algorithm 1 describes the core real-time
inference pipeline of ActiSense Al:

Algorithm 1: ActiSense AI Real-Time
HAR Pipeline
Input: Sensor stream S = {acc x, acc y,
acc z, gyr x,

gyr vy, gyr z, hr} @ 100 Hz
Output: Activity label A, Confidence C

1. INITIALIZE filter F bw, AHRS madgwick
2. WHILE system active DO

3 READ sensor samples — buffer B

4 IF |B| >= W (256 samples) THEN

5. W seg = B[0:256]; advance by 128
6. W filt = Apply Butterworth (W segqg)
7 W fused = AHRS fusion(W filt)

8 feat = Extract Features (W fused)
9 proba = CNN BiLSTM (feat)

10. A = argmax (proba)

11. C = max (proba)

12. IF C < threshold THEN A =
'Unknown'

13. Output (A, C) — Dashboard & DB

14. Check Alert Rules (A, hr, acc mag)

15. END IF
16. END WHILE

6. RESULTS AND DISCUSSIONS

6.1 Experimental Setup

ActiSense Al was evaluated on three
datasets: (i) UCI-HAR benchmark (10,299
samples, 6 activities, 30 subjects); (ii)
PAMAP2 (3.9M samples, 12 activities, 9
subjects); (iii) Custom ActiSense dataset
(collected from 30 volunteers, 18-65 years,
8 activities, balanced gender distribution).
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The CNN-BILSTM model was trained using
Adam optimizer (Ir = 0.001), batch size 64,
100 epochs with early stopping (patience =
10) on an NVIDIA RTX 4090 GPU. INT8
quantization was applied for edge
deployment on Raspberry Pi 4B.

6.2 Performance Metrics Comparison

Table Il presents the comparative evaluation
of ActiSense Al against state-of-the-art
baselines across accuracy, precision, recall,
and F1-score metrics.

TABLE I1. Performance Metrics Comparison

Model Accuracy | Precision Recall F1-Score
(%) (%) (%) (%)
SVM 82.4 81.7 82.1 81.9
Random 87.6 86.9 87.2 87.0
Forest
LSTM 91.3 90.8 91.1 90.9
CNN- 93.8 93.2 93.6 934
LSTM
ActiSense 96.7 96.3 96.5 96.4
Al
(Proposed)

6.3 Activity-wise Classification
Performance

Table Il details per-class precision and
recall scores for ActiSense Al on the custom
dataset.  Sitting achieves the highest
precision (98.1%) due to its distinct low-
motion signature, while Jumping shows
slightly lower recall due to overlap with
running at peak intensity.

TABLE I11. Activity-wise Recognition Performance

Activity Precision (%) Recall (%0)
Walking 97.2 97.0
Running 96.8 96.5
Sitting 98.1 97.9
Standing 95.9 95.7
Climbing Stairs 94.3 94.1
Lying Down 97.6 97.4
Cycling 95.2 95.0
Jumping 93.8 935
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6.4 Bar Chart Comparison of Model
Accuracy

Figure 2 presents the bar chart comparison
of classification accuracy across all
evaluated models, illustrating ActiSense Al's
3% improvement over the CNN-LSTM
baseline.

Model Accuracy Performance Bar
(%)
SVM 82.4%
Rand. Forest 87.6%
LSTM 91.3% L]
CNN-LSTM 93.8% INENNEENNEENEE
ActiSense 96.7% INENENENNNENEER

Fig. 2: Model Accuracy Comparison (Bar Chart)

6.5 Activity Distribution (Pie Chart
Representation)

Figure 3 illustrates the activity class
distribution in the custom ActiSense dataset,
confirming balanced class representation
used during training and validation. Walking
(22%) and Sitting (20%) constitute the
predominant activity categories, reflecting
natural daily-life patterns.

Activity Class Distribution Visual

(%)

Walking 22% L

Running 18% EEEE

Sitting 20% EEEE
Standing 15%
Stairs 12%
Other 13%

Fig. 3: Activity Distribution in Dataset (Pie
Representation)

6.6 Edge Deployment Latency

On Raspberry Pi 4B with INT8 quantization,
ActiSense Al achieves mean inference
latency of 87 ms (std: 12 ms), well within
the 120 ms real-time threshold, with power
consumption of 340 mW per inference
cycle. This confirms practical wearable
deployment  viability = without  cloud
dependency.
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7. CONCLUSION
This paper introduced ActiSense Al, a real-
time human activity recognition framework
integrating wearable IMU sensors with a
CNN-BILSTM  hybrid deep learning
architecture. The proposed system addresses
the key limitations of existing HAR
approaches—Ilimited activity vocabulary,
offline  processing, poor inter-subject
generalization, and computational
infeasibility for edge deployment.

ActiSense Al achieves 96.7% classification
accuracy across eight activity classes,
outperforming SVM (82.4%), Random
Forest (87.6%), LSTM (91.3%), and CNN-
LSTM (93.8%) baselines. The edge-
deployed system maintains sub-120 ms real-
time inference latency with INT8
quantization, consuming 340 mMW—
compatible with wristband battery budgets.

The integrated alert subsystem demonstrates
practical value for healthcare monitoring of
elderly patients and rehabilitation tracking,
with anomaly detection for prolonged
inactivity and fall risk events. The scalable
cloud-edge architecture supports multi-user
deployment scenarios in smart hospital and
assisted living environments.

Future work will explore federated learning
for  privacy-preserving  personalization
across distributed wearable devices, multi-
modal fusion with ECG and SpO2 sensors
for enhanced clinical activity monitoring,
and Transformer-based efficient
architectures optimized for ultra-low-power
MCU deployment below 50 mW.
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