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ABSTRACT

Human Activity Recognition (HAR) is an essential area of research with many applications in healthcare,
security, and entertainment. One of the main challenges in HAR is the variability in human behavior and
reactions to similar inputs, which complicates accurate prediction. This study investigates the utilization of
deep learning techniques in enhancing the HAR accuracy. The proposed method uses a Time-Distributed
Layer (TDL) framework with LSTM to achieve effective feature extraction and temporal pattern
recognition from sensor data. The proposed approach was compared with traditional machine learning
models, such as Logistic Regression (LR), Support Vector Machines (SVM), Decision Trees (DT), and
Random Forests (RF), to evaluate its effectiveness. The experimental results demonstrate that deep
learning models significantly outperform traditional approaches, achieving 97.57% accuracy with TDL-
LSTM and 97.81% accuracy with LSTM-TDL, while conventional methods exhibit lower performance.
The comparison highlights the advantages of deep learning methods in capturing both spatial and
temporal dependencies, resulting in more robust HAR systems. Overall, this study demonstrates the
superiority of LSTM-based architectures over traditional models, paving the way for future advances in
real-world HAR applications, including wearable devices and intelligent monitoring systems.

Keywords-Human Activity Recognition (HAR); Time Distributed layer (TDL); Long Short-Term Memory

(LSTM)

I.  INTRODUCTION

Today, one of the most crucial areas for research is the
detection and identification of human activities [1]. Detecting
human activities is now easier since almost everyone has a
smartphone. A variety of sensors available in smartphones,
such as accelerometers, gyroscopes, microphones, and
cameras, help to extract data to accurately recognize activities
[2, 3]. These devices are low-cost and require very little energy
to work. Human Activity Recognition (HAR) has a wide range
of applications, such as healthcare, social networks, safety,
detection of suspicious activities, transportation, and
surveillance systems [4]. In addition, it can distinguish the
activities of younger and older people [5]. Artificial
Intelligence (AI) and the Internet of Things (IoT) help in HAR.
Due to these new components, HAR is becoming more
complex and interesting and opens a new topic for research [6].

HAR has witnessed a transformative surge, propelled by the
rapid advancements in deep learning techniques such as Long
Short-Term Memory (LSTM) networks and Convolutional
Neural Networks (CNNs) [7]. These sophisticated algorithms
have revolutionized the ability to interpret and predict human
behaviors from sensor data with unprecedented accuracy and
efficiency. At the heart of this revolution lies LSTM, a type of
Recurrent Neural Network (RNN) designed to capture long-
term dependencies in sequential data. Unlike traditional RNNs,
LSTM networks are equipped with a memory cell that can
maintain information over extended periods, making them
particularly effective for tasks that require understanding
temporal dynamics in human activities [8]. Complementing
LSTM, CNNs have proven invaluable in extracting spatial
features from sensor data. Initially developed for image
recognition tasks, CNNs have been effectively adapted to
analyze spatial patterns in sensor readings, enhancing the
robustness and versatility of HAR systems [9]. Among the
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intense adoption of deep learning approaches, a diverse array of
machine learning algorithms further enriches the landscape of
HAR. From Decision Trees (DT) to Support Vector Machines
(SVM), each algorithm brings distinct strengths in modeling
complex relationships within sensor data, catering to various
application domains and dataset characteristics [10-14].

HAR is evolving rapidly with the integration of deep
learning techniques such as LSTM and CNNs alongside
traditional machine learning models. However, accurate
recognition remains a challenge due to variations in movement
patterns, sensor noise, and the need for efficient feature
extraction. Traditional approaches such as SVM, DT, and RF
rely on handcrafted features, which limits their adaptability.
This study introduces a novel TDL-LSTM framework, which
enhances spatiotemporal feature learning for improved activity
classification. Unlike previous models that process temporal
and spatial features separately, this approach effectively
captures sequential dependencies, leading to higher accuracy
compared to existing models such as 1D CNN and SVM. A
detailed comparative analysis with both traditional and deep
learning models confirms its superior performance. In addition,
the proposed model is optimized for real-world applications,
ensuring efficiency in healthcare monitoring, security, and
wearable technology. This research advances HAR by bridging
deep learning innovations with statistical methods, offering a
scalable and high-accuracy solution for diverse environments.

II. LITERATURE SURVEY

HAR has been extensively studied using both traditional
machine learning and deep learning approaches. Although
previous studies have contributed significantly to the
advancement of HAR, they exhibit certain limitations that this
study aims to address. In [9], a 1D CNN-based approach was
proposed for HAR, achieving 96.13% accuracy on the UCI
dataset. However, 1D CNNs struggle with long-term
dependencies in sequential data, making them less effective in
capturing complex activity transitions. In [14-16] 1D CNN
models were improved with data augmentation, improving
accuracy while reducing false positives and computational
complexity. However, these methods still rely heavily on
preprocessed features and lack end-to-end learning capabilities.
In [1], an SVM with an RBF kernel achieved 98.96% accuracy
for three activity labels. However, although this approach
performed well, its limited scope of activity classification and
its dependence on feature engineering restrict its applicability
to real-world scenarios [13, 14]. In [17], CNN was combined
with Graph Convolutional Networks (GCN) to improve
performance, but graph-based approaches require extensive
computational resources, making them less efficient for real-
time applications. In [18], CNNs were used on accelerometer
data, obtaining 92.71% accuracy for three activity classes.
However, CNNs alone fail to capture temporal dependencies in
activity sequences, leading to reduced accuracy in motion
transition detection.

This study addresses these limitations by introducing a
novel TDL-LSTM framework that integrates time-distributed
convolution with LSTM-based sequential learning. Unlike
previous CNN-based or ML-based models, this approach
effectively captures both spatial and temporal dependencies

while minimizing computational complexity and feature
engineering requirements. The results demonstrate superior
accuracy (97.81%), highlighting the potential of this approach
in real-world HAR applications.

III. GENERAL ARCHITECTURE

Figure 1 shows the HAR process flow. This study used the
UCI dataset [5, 18-22]. The data were collected from a group
of 30 volunteers. The integrated gyroscope and accelerometer
assisted in recording the three-axial angular velocity and three-
axial linear acceleration. This dataset uses six activity labels.
All the results are labeled videos. The dataset was divided into
70% for training and the remaining 30% for testing. Filters
were applied to preprocess sensor signals. Next, sliding
windows that last 2.56 seconds and overlap 50% were used to
sample them. A feature vector was obtained from each window
by calculating variables from the two domains, including (i)
Triaxial acceleration and body acceleration, (ii) Triaxial
angular velocity, (iii) 561 attributes (iv) Six activity labels. (0:
Laying, 1: Sitting, 2: Standing, 3: Walking, 4: Walking
Downstairs, 5: Walking Upstairs), (v) An identifier for the
subject.

/N

Human Being Mobile (Sensor)

Fig. 1.

A. Data Pre-
processing

==)|B. Feature =) Prediction | g | Analysis
Extraction

C. Activity Labels

The flow of process for HAR.

The Butterworth filter is used to remove noise. Linear
acceleration and angular velocity are collected to obtain Jerk
signals. The Euclidean norm is used to determine the signals'
magnitude. This allows the variables for each pattern to be
estimated. The symbol indicates three-directional axial signals.
Various optimizer methods, such as FTRL, Adam, RMSprop,
and Gradient Descent exist. In addition to the Gradient Descent
algorithm, many other algorithms have been proposed.
However, it is the king of all optimizers and is challenging,
fast, and adjustable. This optimizer calculates any slight change
in each weight component that affects the loss function. Based
on its gradient, the tuning of each weight is achieved. These
steps continue until the loss function reaches its minimum. The
RMSprop optimizer is one version of AdaGrad that
accumulates gradients only in a specific fixed window rather
than doing it for all. Like the RMSprop optimizer, the Adadelta
optimizer is another enhanced optimization technique where
the current and newly updated weight differences are stored in
delta. Adam stands for adaptive moment estimation, which
uses the concept of momentum. Here, the addition of fractions
of a current and a back node is considered. The Stochastic
Gradient Descent (SGD) optimization algorithm performs
complex computations for larger datasets by pre-calculating
gradients before any updates. It performs frequent updates with
high variance, resulting in high fluctuations in objective
functions.
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IV. DEEP LEARNING APPROACH

For time range data, such as stock prices and video frames,
LSTM is a suitable approach since it selectively remembers
patterns for long periods. LSTM has cell states with different
dependencies that do not manipulate all the information but
modify it slightly. Sequence categorization relies heavily on
LSTMs due to their ability to learn directly from the raw time
series data. They do not require any prior subject-matter
expertise to manually develop input features. The TDL
approach can help to adopt each input before or after this
LSTM layer. Keras provides an excellent solution, offering
frame-by-frame activities and consecutive and sequential
actions. Therefore, with TDL and LSTM, this model can
provide very accurate results, provided that fine
synchronization is achieved.

output patterns and parameter counts. The model primarily
utilizes LSTM layers for sequence processing, starting with an
output of shape (None, 128, 32) with 5,376 parameters. This is
followed by several TD layers, with configurations yielding
outputs of (None, 128, 128) and (None, 128, 64), contributing
4,224 and 8,256 parameters, respectively. The model then
transitions to a Flatten layer that reshapes the output into a
single vector of size (None, 8192), leading into a Dense layer
with 524,352 parameters designed to produce 64 output units.
A Dropout layer follows to prevent overfitting, before
concluding with a final Dense layer that outputs 6 classes,
accounting for 390 parameters. In general, this architecture
illustrates a complex configuration designed for effective
learning from sequential data.

TABLE II. CONVOLUTION ARCHITECTURE: LSTM AND
THEN TDL
Layer Output pattern Parameters
(LSTM) (None, 128, 32) 5376
TD TD (None, 128, 128) 4224
TD TD ((None, 128, 64) 8256
Flatten (None, 8192) 0
Dense (None, 64) 524352
Dropout (None, 64) 0
Dense (None, 6) 390

TABLE L. CONVOLUTION ARCHITECTURE: TDL AND
THEN LSTM
Layer Output pattern Parameters
TD TD (None, None, 30, 64) 1792
TD TD (None, None, 28, 64) 12352
TD TD ((None, None, 28, 64) 0
TD TD (None, None, 14, 6 4) 0
TD TD (None, None, 896) 0
LSTM (None, 32) 118912
Dropout (None, 32) 0
Dense (None, 32) 1056
Dense (None, 6) 198

In this case, the total parameters for training are 134,310.
The Time-Distributed (TD) layer works with several inputs and
produces one output per input to get the result in time. Table I
shows the convolution architecture of TDL and LSTM. In
HAR, an object must be checked in motion. Therefore,
searching for the object is more necessary before detecting the
movement. That is why this model needs to make convolutions
before LSTM. The distributed layer is robust in that,
irrespective of its position with LSTM, the effect on the data
will be almost the same. Only one model can do the work.
Keras is used to make movement prediction and recognition. A
series of operations, as shown in Figure 2, are performed using
the given input [17, 23-24].

[Input HConv }:[ Conv ]—{Flatten]= LSTM =~>
Dense H Dense

Image1 ={Conv2D~Conv2D =|Flatten |\,
Image2 ={Conv2D=Conv2D -
LSTM.Dense | |Dense| | Dense
1024 ||N 3

Image3 ~Conv2D = Conv2D=|Flatten |-
Steps for the convolution process (TDL and then LSTM).

Image4 ~Conv2D=Conv2D|~|Flatten =

Image5 = Conv2D=Conv2D=|Flatten

Fig. 2.

Table II outlines the structure and specifications of an
LSTM-TDL, detailing various layers and their respective

| Flatten (| Dense H Drop ]_LDense}

(= Dense128 = Dense64

 Dense128 = Dense64 =
LSTM L Dense128 1 Dense64 = Flatten = Dense64 .., DropOut |=+ Dense N

LLDense128 W Denseb4

"TDense128 . Dense64

Fig. 3. Steps for the convolution process (LSTM and then TDL).

In this case, the total parameters for training are 542,598.

Deep learning models with large parameter sets are prone to
overfitting, especially with limited or imbalanced datasets. To
mitigate this, dropout layers and batch normalization were
incorporated to enhance generalization and prevent reliance on
specific neurons. Additionally, early stopping is used during
training to halt the process when validation loss increases,
reducing overfitting risks. Data augmentation techniques
further help in increasing dataset diversity, while a carefully
balanced 70-30% dataset split ensures a representative
distribution of activity classes. These strategies collectively
improve the robustness and adaptability of the model, making it
more effective for real-world HAR applications.

A series of operations are performed with the given input,
as shown in Figure 3. The figure illustrates a neural network
architecture featuring an LSTM layer followed by a series of
fully connected (dense) layers. The LSTM layer processes
sequential data, outputting features fed into four parallel
streams, each comprising two dense layers with 128 and 64
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units, respectively. These streams converge into a flattening
layer, which converts the multi-dimensional input into a single
dimension. The flattened output is then processed by an
additional dense layer with 64 units, followed by a dropout
layer that helps prevent overfitting by randomly setting a
fraction of input units to zero during training. Finally, the
output passes through a dense layer with 6 units, representing
the final predictions of the model. This architecture is designed
to capture temporal dependencies and complex patterns in
sequential data effectively.

V. RESULTS AND DISCUSSION

The standard dataset has a total of 10,299 records. For
training purposes, 70% of the data, i.e., 7,352 records, were

used, whereas 30% of the data, i.e., 2,947 records, were used
for testing purposes. As shown in Figure 4(a, b, c, d, e), the LR,
SVM, DT, RF, and NN models achieved the least accurate
results for the Walking Downstairs label and the most accurate
for the Laying label. The LR, SVM, DT, RF, and NN models
achieved accuracies of 95.82%, 96.30%, 85.20%, 92.05%, and
95.07%, respectively. Additional performance metrics, such as
precision, F1 score, and recall, were also considered. As shown
in Figure 4(f, g), the most accurate results were obtained when
TDL was applied. Using TDL before LTSM achieves an
accuracy of 97.57%, and LSTM before TDL achieves an
accuracy of 97.81%. Both these models achieved their best
prediction on Walking Upstairs and their lowest prediction on
Walking.

(@) 0 1 2 3 4 5 (b) 0 1 2 3 4 5
0| 537 0 0 0 0 0 0| 537 0 0 0 0 0
1 0]|431 | 57 0 0 0 1 0| 443 46 0 0 2
Actual 2 0| 16| 516 0 0 0 2 0| 26| 506 0 0 0
Label 3 0 0 0] 492 3 1 3 0 0 0| 484 5 7
4 0 0 0 41 402 14 4 0 0 0 3| 406 11
5 0 0 0| 23 2| 446 5 0 0 0 6 3| 462
Predicted Label Predicted Label
(©) 0 1 2 3 4 5 (d) 0 1 2 3 4 5
0| 537 0 0 0 0 0 0| 537 0 0 0 0 0
1 0]370 | 121 0 0 0 1 0| 426 65 0 0 0
Actual 2 0| 75| 457 0 0 0 2 0| 43| 489 0 0 0
Label 3 0 0 0| 438 21 37 3 0 0 0| 485 8 8
4 0 0 0| 24| 348 48 4 0 0 0 24 | 349 47
5 0 0 0| 65| 45| 361 5 0 0 0 39 6| 426
Predicted Label Predicted Label
(e) 0 1 2 3 4 5 ® 0 1 2 3 4 5
0| 533 4 0 0 0 0 0| 474 0 22 0 0 0
1 0]|441 | 50 0 0 0 1 6 | 442 23 0 0 0
Actual 2 0| 22| 509 0 0 1 2 2 0| 418 0 0 0
Label 3 0 0 0| 489 3 1 3 0 ] 0| 376 110 0
4 0 0 0 3| 380 37 4 0 0 0 82| 450 0
S 0 0 0| 16 5| 450 5 0| 17 0 0 0| 520
Predicted Label Predicted Label
(3] 0 1 2 3 4 5
0| 461 8 26 1 0 0
1 3443 | 24 1 0 0
Actual 2 0 3| 417 0 0 0
Label 3 0 24 0| 367| 97 3
4 1 0 0| 64| 467 0
5 0 14 0 0 0 523
Predicted Label
Fig. 4. Confusion matrix of (a) LR, (b) SVM, (c) DT, (d) RF, (e) NN, (f) TDL-> LSTM, (g) LSTM - TDL.

Table III presents predictions from various algorithms for
different activity labels, illustrating the most and least
frequently predicted samples per label. All algorithms showed
uniform predictions on the Laying label, with counts between
533 and 537. However, the Walking Downstairs label had more
fluctuations, with predictions ranging from 348 to 406. These
variations indicate strengths and weaknesses in the
performance of each algorithm. In particular, the DT and RF
algorithms yielded fewer predictions for the Walking
Downstairs label, suggesting areas that need improvement,
while the NN displayed a distinct prediction pattern. The TDL

to LSTM transition showed greater consistency in predicting
Walking Upstairs than vice versa. Analyzing these
discrepancies is essential to improve algorithm efficacy and
improve prediction accuracy in future applications. Table IV
presents the performance metrics of various algorithms,
including accuracy, precision, recall, and F1 score. In
particular, the LSTM to TDL method achieved the highest
accuracy at 97.81%, closely followed by the TDL to LSTM at
97.57%, demonstrating their effectiveness compared to
traditional algorithms such as LR and SVM.
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TABLE III. CONFUSION MATRIX STATISTICS OF VARIOUS TABLE V. COMPARATIVE ANALYSIS WITH PREVIOUS
ALGORITHMS STUDIES
Activit Samples Activit Samples Study Method Used Dataset used Accuracy
Algorithm Tabel Y | predicted label Y | predicted 1] SVM with RBF Kernel HAR 08.96%
(Most) (Least) 9] 1D CNN UCI HAR 96.13%
. Walking CNN-based accelerometer .
1 LR Laying 537 Downstairs 402 [18] data processing Accelerometer data | 92.71%
2 SVM Laying 537 DWalklng 406 Th¥s study TDL Wltl"l LSTM UCI HAR 97.57%
ownstairs This study LSTM with TDL UCI HAR 97.81%
. Walking
3 DT Laying 537 Downstairs 348
4 RF Laying 537 Walking 349 VI. CONCLUSION
Downstairs
5 NN Laying 533 DWa]kmg 180 This study presents a novel approgch to HAR by integrating
_ Ownstairs TDL and LSTM networks, achieving superior accuracy in
6 |TDL>LsT™ fjvavlk{“g' 520 Walking 376 activity classification. Unlike traditional machine learning
W‘;;‘;S methods, such as LR, SVM, DT, and RF, which depend on
7 |LSTM->TDL Upstairgg 523 Walking 367 manual feature extraction, this deep learning model
autonomously learns complex spatial and temporal patterns
TABLEIV. PERFORMANCE OF VARIOUS ALGORITHMS from sensor data. The proposed TDL-LSTM and LSTM-TDL
_ _ architectures achieved outstanding accuracies of 97.57% and
Algorithm Accuracy | Precision | Recall | Fi score 97.81%, respectively, outperforming conventional models. A
1 LR 95.82 0.956 0.94 0.94 S . . . . .
key contribution of this work is the efficient fusion of
2 SVM 96.30 0.96 0.95 0.95 . . . .
3 DT 35.20 086 085 085 convolutional ~processing with LSTM-based sequential
4 RE 92.05 0.92 091 091 learning, allowing for precise recognition of subtle activity
5 NN 95.07 0.94 0.93 0.93 differences, such as walking upstairs versus downstairs.
6 | TDL>LSTM 97.57 0.95 0.95 0.96 Compared to previous HAR models [9, 10], these models
7 | LSTM->TDL 97.81 0.96 0.97 00.97 provide higher generalized accuracy across multiple activity

Figure 5 shows a comparative overview of various machine
learning and deep learning algorithms, highlighting the
performance of models such as LR, SVM, DT, RF, NN, and
the combination of TDL with LSTM. Each algorithm has
unique strengths and applications, ranging from traditional
approaches such as LR and DT to more complex architectures
such as NN and LSTMs. This diversity in methods allows
practitioners to choose the most suitable model based on the
specific characteristics of their datasets and the nature of the
problems being addressed.

100 98.85
9757  97.81
96.3
95.07

92.05

¥y (%)
<

85.2

Accurac
-
n

LR SVM DT RF NN

TDL— LSTM—
LSTM TDL

Fig. 5. Graph of accuracy results.

Table V provides a comparative analysis of this study with
earlier works on HAR. The proposed deep learning models
(TDL-LSTM and LSTM-TDL) show higher accuracy (97.57%
and 97.81%) compared to traditional machine learning and
previous deep learning-based approaches.

classes. In addition, this study addresses computational
efficiency by reducing the need for handcrafted feature
engineering, making it adaptable for real-world applications in
healthcare, security, and wearable devices. Future research can
explore hybrid deep learning frameworks to further optimize
real-time HAR systems.
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