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Abstract: Human Activity Recognition (HAR) is an important research area
for various application domains such as healthcare, gaming, telemonitoring,
and sports. However, executing HAR algorithms on remote servers or in the
cloud have challenges in terms of high latency, increased bandwidth demand,
and high energy consumption. Moving the computation to edge-assisted
HAR is more effective and flexible solution to address the limitations of
conventional approaches. In this paper, a set of salient points are identified
on the human body and are represented mathematically as triangles. Human
activities affect the angles of the triangle, and the resulting deformation is
used for classifying the activity. Both Convolutional Neural Network (CNN)
and Long Short-Term Memory (LSTM) are used for human action
classification and have good performance with accuracy as 99.8%. The
performance of Edge Computing Enabled Human Activity Recognition
(ECEHAR) is evaluated on both benchmark and real-time datasets using
precision, recall, F1-score, and accuracy. The model has shown promising
results compared to contemporary methods.
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model to be compact enough to fit within the memory
constraints of the edge device, taking the storage capacity
into account. Similarly, the training process also has to be
effective to minimize energy consumption.

In this research work, we present a framework of HAR
with Avrtificial Intelligence based algorithm that is suitable

Introduction

Human Activity Recognition (HAR) is an important
research domain useful for many real-time
applications. Researchers have made significant
contributions in HAR in terms of data collection, model

development, post-processing techniques, and result
interpretation. Most of the traditional approaches
(Firouzi et al., 2021; Koch et al., 2022) for HAR uses
cloud infrastructure. A classifier is trained on predefined
activities of human/objects that are captured from an edge
device and stored in cloud for further processing and
inference. However, it is observed that cloud-based
approach has three important issues such as high latency,
delayed user-cloud communication and lack of flexibility,
personalization and privacy control.

As a result, researchers have increasingly focused on
shifting tasks and computation such as model training,
inference, and learning processes from the cloud to edge
devices. However, there are challenges due to the inherent
limitations of edge devices. These challenges can be
addressed by considering factors such as model size, data
volume, and energy consumption. It is crucial for the
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to be deployed on the edge devices (Awotunde et al.,
2021) The core of computational processing is moved to
the edge devices such that portion of training and
inference is handled by the edge devices itself. A deep
learning framework is proposed for data collection, model
for adaptation, training and retraining, procedure for
calibration, inference engine, visual result analysis. All
these components are processed and executed on the edge
device and thus the data exchange between cloud and edge
is avoided. The focus of this work is on human action
recognition that is represented in terms of specific points
on the human body and is commonly known as salient
points. The salient points are identified in the body that
corresponds to body joints as well as hands and legs and
torso sections. A total of 17 significant points establish the
system used to track walking, standing, sitting, and
running movements. The neural network employs
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convolutional layers paired with Long Short-Term
Memory (LSTM) to extract features from activities
through an approach that maintains efficient classification
while minimizing model parameter number. LSTM is the
modified version of Recurrent Neural Network (RNN)
which works efficiently with time-sensitive inputs. LSTM
and convolutional layers process the input sequence from
the edge devices or surveillance cameras. The proposed
model distinguishes various actions such as walking,
running, standing and sitting effectively on benchmark
and real-time datasets.

Literature Review

Human Activity Recognition uses Machine Learning
(ML) algorithm for classifying human actions and they
are captured from different sensors such as wearable
devices, smart phones and 10T devices. It is observed that
these algorithms have limitations in terms of latency,
privacy, bandwidth and traffic while it is executed on
specialized devices (Mukherjee et al., 2018a; Sharma and
Wang, 2019). These issues can be handled through edge
computing by performing data analysis and processing at
the edge devices. As a result, latency and energy
consumption are reduced and improves privacy, and
optimizes network resource usage. It also improves the
real-time analysis and responses for performance
enhancement of wearable devices by handling latency
concerns (Aran et al., 2016; Yahaya et al., 2019).

Wearable devices are increasingly common in real-
time applications particularly in healthcare for monitoring
and analyzing vital health parameters of patients to
improve healthcare quality and reduce patient risks.
Activity of Daily Life (ADL) monitoring systems observe
the habits of elderly patients to determine high-risk events
of Parkinson’s symptoms and Chemotherapy-Induced
Peripheral Neuropathy (CIPN) symptoms (Gia et al.,
2018; Demrozi et al., 2020a-b; Mantovani et al., 2020).
Early detection of chronic diseases allows personalized
care and improved safety (Jin et al., 2022). Various
studies on effective edge-based HAR demonstrate how
different sensors, algorithms, and devices can track the
human activities and analyze the same with good accuracy
(Goodfellow et al., 2016).

It is observed that the deep learning techniques found
to be powerful, face challenges on time awareness and
training speed. These methods work in loosely coupled
environments and handle issues on communication, and
data privacy. However, models like CNN and RNN
require significant computational resources and can slow
training speeds while processing large-scale data. The
Convolutional Recurrent Neural Network (CRNN)
structure addresses this issue by combining the strengths
of both CNN and RNN for high-accuracy on time-series
data. In applications like telerehabilitation, HAR systems
are used for closely monitoring the patients that perform
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motor activities. In fitness, these systems integrate
performance metrics with physiological responses (Trotta
et al., 2023a; Alam et al., 2023). In addition, the parking
recommendation system and object mobility tracking
applications in smart city can be complimented by HAR
through mobile activities.

Federated Learning (FL) along with semi-supervised
learning and clustering methods have been used to solve
problems caused by unlabelled data and non-
independent, identical data distribution (Presotto et al.,
2023; Trotta et al., 2024). Jin et al. (2022) investigated
dynamic range quantization as a method to minimize the
size of Convolutional Neural Networks (CNNs) for
microcontroller units (Luo et al., 2023). However, the data
collection from wearable 10T devices for human activity
recognition is found to be difficult due to constraint on
computational devices and memory (Khatun et al., 2022;
Ghibellini et al., 2022). Though the datasets are publicly
available (Zhang et al., 2022), this challenge is
particularly relevant for supervised Deep Learning (DL)
algorithms, since they worked on labelled dataset and it is
observed that the performance of DL algorithm has
outperformed the ML schemes with encouraging F1
score.

Recent advancements in HAR have increasingly
focused on combining deep learning models with edge
computing to enable real-time, low-latency
applications. Several works have investigated this issue
and Trotta et al. (2023b) have highlighted the potential to
deploy HAR models on low-power devices with the trade-
off between accuracy and computational efficiency.
Similarly, Mukherjee et al. (2018b) have discussed
latency and privacy challenges in cloud-based HAR
which edge devices can handle.

Demrozi et al. (2020c) have demonstrated the
effectiveness of combining convolutional layers for
feature extraction with recurrent architectures such as
LSTM for sequence modelling in wearable sensor—based
HAR and this is the reason this paper uses CNN-LSTM
for improved sequence recognition.

Sharma and Wang (2017) have explored HAR in loT
environments and highlighted the need for efficient
methods adaptable to diverse conditions. Recent studies
using YOLO-based detection (Redmon and Farhadi,
2018) also have showed improvements in real-time action
localization and however it is not feasible to integrate with
sequence-based deep learning.

The recent and contemporary works (Chen et al.,
2021; Li et al., 2022) have evaluated RNN, GRU, and
LSTM in HAR and have found that the performance of
LSTM is encouraging in capturing temporal
dependencies (Chen et al., 2021; Li et al., 2022).

Despite these contributions, few studies have
integrated pose-based angular representations with CNN-
LSTM models on edge devices and found that there are
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research gaps. Based on the insights from the literature
review, it is observed that HAR algorithms and models
has to be executed on edge devices. These devices enable
seamless integration of data collection and processing
with low latency. The edge is communicated in isolated
location and ensures the privacy with personalization.
However, due to the limited computational resources of
edge devices, careful design of machine learning models
is also essential for effectively executing the model.

As a result, we have proposed a new framework,
ECEHAR, that employs deep learning techniques on the
edge device to recognize human activities. The
performance is found to be encouraging compared to the
conventional classical ML algorithms in terms of
computational complexity and accuracy.

Methods
Data Preprocessing

The data preprocessing pipeline consists of the

following steps:

o Salient Point detection: The body joints are detected
in each frame using YOLO v3 in real time
Angular representation: Triplets of joints form
triangles and the corresponding angles are
calculated to represent human posture that is
invariant to scale and Orientation
Normalization: Angles are normalized to the range
[0, 1] to ensure it is consistent to the input across
varying subjects and conditions
Feature Extraction: Angular sequences are
aggregated and passed to CNN and LSTM for
feature learning and temporal modeling

ECEHAR Salient Points on Human Body

Human Activity Recognition is an important task that
uses specific points on a human (image) and it is referred
to as salient points. These points represent various parts
of the human object such as joints, hands, legs, body, etc.
The salient points are represented by a set of coordinates
in 2D (x, y) or 3D (X, Y, z) space.

Sample salient points on the human body are depicted in
Fig. 1. As shown in Fig. 1(a), the salient points are connected
and represented as lines on human body (image). Similarly,
in Fig. 1(b) the points and lines are shown without human
body in skeletal structure. The proposed method identifies 17
significant body points encompassing the nose and all four
eyes, two ears, eight shoulders, elbows and wrists as well as
hips, knees, and ankles. The body map is created using these
essential points and is represented as human skeleton. The
detailed skeletal structure of the human body with various
salient points is shown in Fig. 2. It is observed from Fig. 2
that the human body is decomposed as various salient points
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and the variation and changes on these salient points can be
used for estimating the human activity and action
recognition.

The angle between the salient points is used and the
way by which these points are connected is depicted in
Fig. 3. It demonstrates how changes in angles of body and
corresponding triangles allow to monitor specific human
body activities. The theoretical concept of the scheme is
presented.

Angular Representation of Salient Points

As mentioned earlier, the angles between the salient
points provide significant information on human
movements. The angles are calculated using the positions
of the salient points in consecutive frames of a video
sequence. The key angles to be considered for various
actions are presented in Table 1.

Fig. 1: Salient points (a) Salient points superimposed on human
body (b) Skeletal structure and salient points
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Fig. 2: Salient points on Human body
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Fig. 3: lllustration of the various angle on a human body

In this subsection, the angular representations of

various angles are shown over human body and these are
derived based on the salient points. The degree of
deviation/changes of these angles can be collectively
used for human activity recognition. Let's consider
three points A, B, and C in a two-dimensional space
with coordinates A (X1, Y1), B (X2, y2), and C (X3, y3) and
is presented in Fig. 4.
The following can be derived as vector from Fig. 4:

BA=A-B (1)
BC=C-B 2)

In the above Eq. A, B and C are different points. Given
the coordinates of the points, the vectors can be
represented as:

salient points are presented. It is noticed in Fig. 3 that ~ BA=(x-x2), (y1-y2) ©))
Tablel: Key angles for HAR
Area on Human Body Points to be considered
Upper body angles Shoulder to elbow (both left and right) and elbow to wrist (both left and right)
Lower body angles Hip to knee (both left and right) and knee to ankle (both left and right)
Core body angles Shoulder to hip (both left and right)
IBAl| = VG = 2202+ Or — )2 (6)
C(X3.Y3) — 3 5
2 ||BC|| =03 — %)+ (3 — ¥2) (7)
[1+]
> The Eq. 5 can be rewritten to obtain the cosine of the
angle () and is presented in Eq. 8 as:
A(X,.Y) =
4 BA-BC = |BA|- |BC| - cos@ (8)
~
B (X, .Y,) Solving for cos6, we get:
_ BABC
: cosf = 5 5] 9
X - axis
For finding angle i.e. 8 ,
Fig. 4: Sample representation of angle in 2D plane -
6 =cos™?! <T) (10)
[Ba| [Bc|

BC= (xa—X2), (ya—Y2) 4)

The angle is derived from the dot product and
magnitude of the vectors and is given in Eq. 5 and 6:

BA-BC= (x1—x2) (X3 —X2) + (y1—y2) (Y3 - y2) (5)
InEq. 5 BA . BC is the dot product.

The magnitude (norms) of the vectors BA and BC are
given by:
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Based on Eq. 10, the angular representation of salient
points of a human body is modeled as shown in Fig. 3.
The angle variations of different portion of the body are
derived and represented as a vector:
9= {91,92,93,94,95196'97'98 } (11)

Each of these 6; can be represented as given below in
Eqg. 12:
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#, = cos™! (m> (12)
8, = cos™! %) (13)
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- e
o (SE T e
05 = cos™ (s s @7
6, = cos™! (%) (18)
0g = cos™! (%) (19)

The variants of the salient points in the skeleton
structure of humans can be estimated by measuring the
degree of displacement of these points in subsequent
video frames. Since the salient points are modeled as
triangles and its values are captured to estimate the
localized and global displacements. Thus, the displaced
angle values can be represented a:
0 = {6],05,65,6.,0%6.,6,,65"} (20)

The difference between the original and displaced
angle is measured by a similarity measure and in this
paper, we use Vector Cosine Angle Distance (VCAD) and
is shown as:

VCAD (6; — 6)) (21)

Key Angles and Associated Actions

In this section, we present the key angles that are
responsible for various actions. The human action is
predicted by analyzing the angles between key points over
a sequence of images. Each and every action has different
pattern of changes in angles in local and global points. We
have carried out extensive experiments and the
observation on salient points that are associated with
different portion of the body is presented in Tables 2-5.

In Table 2, the details are provided based on the portions
and the angles to be considered for walking action. The
waist to knee angle and knee to ankle angle are considered
from the lower body. The degree of flexion and extension,
type of pattern of change, etc are also highlighted.
Similarly, shoulder to elbow and elbow to wrist angles are
contributing from the upper portion of the body.
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A slight oscillation from arms swing is expected. The
key angle responsible for running action is presented in
Table 3. The waist to knee and knee to ankle angles are
considered from the lower body portion. There is a
significant flexion and extension is noticed and repetitive
synchronized action with waist to knee movement is
ohserved.

Table 2: Key angles for walking action

Body portion  Angles to be considered
Waist to Knee Angle:
Moderate flexion and extension, alternating
between legs
Less extreme than running, with a steady
and rhythmic pattern
Knee to Ankle Angle:
Regular flexion, synchronised with the
waist-to-knee movement
A smooth cyclical pattern
Shoulder to EIbow Angle:
Minimal movement, slight oscillation as
arms swings naturally
Elbow to Wrist Angle:
Maintained mostly constant, with minor
swings corresponding to the natural arm
swing

Lower Body

Upper Body

Table 3: Key angles for running action

Gesture Angles to be considered
Waist to Knee Angle:
Repetitive and significant flexion and
extension
More pronounced and faster than walking
Knee to Ankle Angle:
Repetitive and synchronized with the waist-
to-knee movement
Greater extension compared to walking
Shoulder to Elbow Angle:
Less pronounced movement, slight flexion
Elbow to Wrist Angle:
Maintained mostly constant, with minor
oscillations

Lower Body

Upper Body

Table 4: Key angles for standing action

Gesture Angles to be considered
Waist to Knee Angle:
Minimal flexion, nearly straight
Stable, with no significant movement
Knee to Ankle Angle:
Minimal flexion, nearly straight
Shoulder to Elbow Angle:
Maintained constant, no significant
movement
Elbow to Wrist Angle:
Maintained constant

Lower Body

Upper Body
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Table 5: Key angles for sitting action

Gesture Angles to be considered

Waist to Knee Angle:

Significant flexion, typically around 90
degrees

Static, with little to no movement

Knee to Ankle Angle:

Flexed, typically around 90 degrees, with
little to no movement

Shoulder to Elbow Angle:

May vary depending on posture, often
slightly flexed

Elbow to Wrist Angle:

Maintained constant or slightly flexed if
arms are resting

Lower Body

Upper Body

Clinicians evaluate the shoulder to elbow followed by
elbow wrist joint angles for the upper human body. It is
observed that there are low movement and slight flexion
from shoulder to elbow angle and there is a minor
oscillation from elbow to wrist angle.

In Table 4, the angle responsible for standing action is
presented and Table 5 presents the angle details of sitting
action. As explained above in Table 2 and 3, the
information is presented and explained in Tables 4-5 for
standing and sitting actions respectively.

Experimental Results

The video is decomposed as frames and human objects
are located and bounded. The reference points of human
objects are localized and the angle between the key points
are calculated and labeled as action/ activity. The video is
segmented into 30 frames / sec and the angle-based
feature is extracted and represented as time series data
such that it can be trained effectively on LSTM model.
The first LSTM layer has 128 units and takes the features
as input. The LSTM layer generates the full sequence
feature points. The subsequent LSTM layers have 128 and
64 units, respectively, and feature points are passed in a
sequence to the next LSTM layer. The time distributed
dense layer serves as a fully connected layer for time
sequences and produces class probability distributions
using the softmax activation function. The Adam is an
adaptive learning rate optimizer and is popular due to its
efficiency in handling sparse gradients on noisy problems
and is used with 0.001 as learning rate. In this work, the
categorical cross entropy is used, since we resolve a
classification with multiple classes. The model uses
accuracy as the performance metric during both training
and evaluation. Summary () function gives the summary
of the model architecture, details of layers, output shapes,
and the number of parameters. Fig. 5 depicts the snippet
of code of the model.
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input_shape=(time_steps,

Fig. 5: Snippet of the code of the model

Hardware Details of the Edge Device

The Raspberry Pi reaches customers through its
affordable design as the credit-card-sized computer
operates with System-on-a-Chip (SoC) technology. This
device integrates a 32-bit ARM processor with its
processing capabilities spread between 700 MHz to 1000
MHz and the GPU operates as a Video Core 4. The
Raspberry Pi 4 presents itself with a 64-bit quad-core
processor which delivers high-end performance while
providing dual Micro HDMI ports that support 4K
resolution along with hardware 4Kp60 video decoding
and 4GB of RAM and dual-band wireless LAN and
Bluetooth 5.0 and Gigabit Ethernet and USB 3.0 and
Power over Ethernet (PoE) functionality. A Raspberry Pi
camera incorporates a 5-megapixel image sensor
alongside a designed add-on board which works with
720p and 1080p video. Fig. 6 shows the internal
configuration of the Raspberry Pi board, and its
specifications are detailed in Table 6.

Experimental Configuration and Outcomes

Calculating Appropriate Training Epoch and Hyper
Parameters

The subsequent part contains a thorough examination
of experimental test outcomes. We have adjusted the
number of epochs to find the most suitable value to have
encouraging accuracy for training and validation datasets.
The optimization process has demonstrated essential
value in boosting the performance of the model since it
has provided effective data generalization abilities for
new information. The experiments employed the UCI-
HAR standard dataset that is generated with thirty adults
having their age between 19 to 48 years. All these subjects
wore smart watches on their waist during six different
activities that included walking, sitting, standing, running
and walking upstairs. Generators handled 70% of the split
dataset through training while testing is performed using
the remaining 30% by testers because of random
participant division. Two distinct segments of data set are
allocated for training activities alongside testing activities
respectively.
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Various testing epochs from 10 to 300 with increments
of 10 are conducted to examine accuracy and loss in both
validation and testing datasets. The best training epochs
are determined through selecting periods where validation
loss reached its lowest point while accuracy is at its
highest. Figs. 6-8 show performance results of the models.

SV DC vis GP1O

40-¥

85 mm

2 GPIO Header Mounting Hole
[

In Fig. 7 (a), the training and validation accuracy using
RNN with CNN is presented and it is observed that the
accuracy is high after 100 epochs and reached its
saturation. Similar observations in Fig. 7(b) shows that the
training and validation loss is low after 100 epochs of
training and getting sustained.

Power over Ethernet
(PoE) via PoE hat

24GHzendsGHr A
802.11 ac Wireless “_ ] 2USB Ports
LAN, Bluetooth 4.2 [
BLE
Broadcom BCM283780 :
Cortex - AS7 64bitSoC [ | 2 USB Ports
1.4 GHz 1GB RAM 56 mm
S ] LAN Port
v U
5V via HDOMI (.,(;:" ; mm 4-Pole
Micouss Port Composite Video and
Fig. 6: Illustration of Raspberry Pi board architecture
Table 6: Specification of Raspberry pi 4
SI. No Specification Description
1 Size Around 25x25x9 mm
2 Weight 39
3 Still resolution 5 Megapixels
4 Video modes 1080 p30, 720 p60 and 640x480 p60/90
5 Linux Integration VAL2 driver available
6 Sensor Omni Vision OV5647
7 Sensor Resolution 2592x1944 pixels
8 Sensor Image Area 3.76x2.74 mm
9 Pixel Size 1.4x1.4 ym
10 Optical Size Ya
11 Full-frame SLR lens equivalent 35 mm
12 S/N Ratio 36B
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Fig. 7: Training and validation using CNN with RNN
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Fig. 8: Training and validation using CNN with LSTM (a and b)

In Fig. 8 (a), the training and validation accuracy using
LSTM with CNN is presented and it is observed that the
accuracy is high after 100 epochs and reached its
saturation. Similar observation in Fig. 8(b) that the
training and validation loss low after 100 epochs of
training and getting sustained.

In Fig. 9 (a), the training and validation accuracy using
GRU with CNN is presented and it is observed that the
accuracy is high after 100 epochs and reached its
saturation. Similar observation in Fig. 9 (b) that the
training and validation loss low after 100 epochs of
training and getting sustained.

From Figs. 7-8 and 9 it is concluded that the accuracy
reaches the maximum value after 100 epochs and reached
its saturation for both training and testing. Hence, the
remaining experiment in this research work is carried out
by fixing the epoch as 100 and the extensive experimental
results are presented in the subsequent sections.

Performance Analysis With RNN, LSTM and GRU

Evaluation of the proposed model utilizes multiple
performance metrics which include confusion matrix
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alongside support and precision and recall and the F1
score and accuracy. Different evaluation metrics
combined together provide an extensive evaluation of
model effectiveness ensuring reliable generalizable
results. The confusion matrix presents specific data about
predicted/actual outcome matches to show strengths and
weaknesses in model performance. The F1 score acts as a
valuable assessment method for multiple-classification
models because it creates an equilibrium between
precision and recall metrics. The model's positive
prediction accuracy is measured by precision and overall
accuracy comprises the total proportion of accurate
predictions throughout all categories. Support provides
meaningful information about the true instances per class
which helps analyze other metrics. Based on this overall
analysis 100 epochs turned out to give the best results for
the simple RNN model. The formulas to determine
accuracy and F1 score and precision together with recall
appear in Equations 22-25 respectively:

Accuracy =
(True positive+True Negative)

(True Positive+True Negative+False Positive+ False Negative) ( )
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_(2 = Precision = Recall)
F-Measure = (Precision + Recall) (23)
.. _ True Positive
Precision = (True Positve+False Positive) (24)
True Positive
Recall = (25)

(True Positive+False Negative)

From Table 7, it is observed that RNN with CNN model
achieves better performance in prediction of all activities
such as walking, sitting, standing and running. The increase
in validation loss indicates specific opportunities for model
improvement that will result in stronger predictions. The
training loss computation uses categorical cross-entropy to
determine the accuracy between predicted and actual
activity labels. The proposed approach gives the average
accuracy of 91.5% for the various activities considered for
experimental analysis.

Table 7: Performance of RNN with CNN

The results of Table 8 illustrates that the LSTM model
is trained for 100 epochs and the training loss is logged at
each epoch. The test loss high lights how the model is
responding to unseen data. The final test accuracy is
99.8aftertraining the LSTM model for 100 epochs.

From Table 9, it is observed that GRU with CNN
model yields better performance in the prediction of
sitting compared to other activates considered for
investigation. The higher validation loss suggests areas
for potential improvement, which could enhance the
model's predictive capabilities. The training loss is
computed using categorical cross-entropy, which
measures how well the predicted activity label matches
the ground-truth labels. The proposed approach gives the
average accuracy of 91.8% for the various activities
considered for experimental analysis.

Predicted Predicted Predicted Predicted Support Precision Recall F1- Accuracy

standing Walking Sitting Running PP Score (%)
Actual 1082 94 24 0 1200 0.81 090 085  90.16
standing
Actual 103 8877 375 125 9480 0.92 093 092 9363
Walking
A_ct_ual 143 381 6649 27 7200 0.93 0.92 0.92 92.34
Sitting
Actual 237 56 2677 2970 0.94 090 091  90.13
Running
Average accuracy 91.5%

Table 8: Performance of LSTM with CNN
Predicted Predicted Predicted Predicted - Accuracy
standing  Walking _ Sitting Running Support  Precision  Recall F1-Score (%)
Actual
standing 1180 15 5 1200 0.98 0.98 0.98 99.8
Actual
Walking 20 9450 5 9480 0.99 0.99 0.99 99.83
Actual Sitting 10 5 7185 7200 0.99 0.99 0.99 99.83
Actual 0 6 4 2960 2970 0.9 0.98 0.98 99.8
Running
Average accuracy 99.8%
Table 9: Performance of GRU with CNN

Predicted Predicted Predicted Predicted Suoport  Precision Recall F1- Accuracy

standing Walking Sitting Running PP Score (%)
Actual 1096 39 65 0 1200 0.95 091 092  91.33
standing
Actual 27 8556 258 639 9480 0.93 090 091  90.25
Walking
A.Ctyal 26 331 6767 76 7200 0.95 0.93 0.94 93.98
Sitting
Actual
Running 209 31 2730 2970 0.79 91 0.85 91.91
Average accuracy 91.8%
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It is observed from the results of Tables 7-9, the
proposed frame work of LSTM with CNN vyields better
classification accuracy for all the activities.

HAR Using LSTM With CNN on Real-Time Dataset

The performance of the proposed method on the real-
time dataset is presented in this subsection in addition to
the evaluation on the standard dataset. The real-time
dataset is created from ten different objects for walking,
standing, sitting and running actions. The input sequence
is collected from the surveillance/ edge device and fed
into YOLO model to identify the salient points in the
human body. The various angles are extracted from the
salient points and are given as input to LSTM and CNN
model for the human activity recognition. Fig. 10

illustrates the classification of various activities using
LSTM with CNN.

The proposed approach has achieved the maximum
accuracy of 99.1% for walking, 99.13% for sitting and
running and 99.3% for standing respectively.

Performance Comparison of ECEHAR

In order to show the efficiency of ECEHAR, the
performance is compared with the PRISM-HAR approach
and the results are presented in Table 10.

The results in Table 10 indicate the ECEHAR
method surpasses the performance of PRISM HAR for
every HAR class. The proposed method achieves good
results on both standard UCI HAR and real-time
dataset.

Traireng arsdl Valalafon Aourasy

a)

%‘Wﬂ-«%

f_‘"*!'"'*r'

sl

e
DRt

Accuracy

rafeng &fsd Valdlalsh Ladd

Fig. 9: Training and validation using CNN with GRU (a and b)
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Table 10: Performance evaluation of ECEHAR with existing approach

Accuracy (%)
Dataset ECEHAR PRISM HAR

Walking Standing  Sitting Running Walking  Standing Sitting  Running
UCI-HAR 99.3 99.8 99.8 99.8 97.8 98 97.8 98.3
Real- time dataset 99.1 99.3 99.13 99.13 96.8 97 98.5 97.3

Fig. 10: Prediction of human action (a) standing (b) sitting (c)
walking and (d) running

Conclusion
Technical Development

The proposed hybrid approach integrates the YOLO
v3 model with deep learning architectures such as CNN
and LSTM to deliver a robust solution for human action
recognition. YOLO v3 ensures efficient real-time pose
estimation and hand tracking, enabling immediate and
accurate analysis of human actions. When combined with
CNN and LSTM, the framework has provided deeper
insights compared to traditional machine learning models.
Extensive experiments are conducted with RNN, LSTM,
and GRU by varying the number of epochs from 10 to 300
with optimal training configuration. The proposed
approach has achieved high performance on both
benchmark and real-time datasets, with maximum
accuracy of 99.83% for walking, sitting, and running, and
99.8% for standing.

Applied Deployment

The proposed approach has demonstrated a strong
potential for wvarious real-time applications across
domains, including healthcare, sports, etc. The future
work will evaluate the impact of activity speed (slow,
normal, fast) for walking, running, and sitting. Broader
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deployment scenarios will also be considered with larger
and more diverse populations, expanded activity sets, and
varied environments to improve generalizability and
scalability.In addition, limitations on the size of the
dataset and real-world applicability will be addressed.
Future research directions include exploring multimodal
HAR, implementing federated learning, and deploying the
system over 5G/6G networks for enhanced edge
intelligence.
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