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Abstract: Human Activity Recognition (HAR) has become a key focus in the realm of computer vision,
driving innovations in areas such as healthcare monitoring, sports analytics, surveillance, and human-
computer interaction. Traditional vision-based methods for HAR often depend on RGB frames or optical
flow techniques. However, these methods can struggle with issues related to changes in lighting,
background distractions, and varying camera angles. To address these issues, we introduce a novel
approach that utilizes the OpenPose deep learning model. This model extracts 2D human skeletal key
points, which serve as essential features for predicting activities. Our methodology utilizes pose
estimation to grab joint coordinates from video sequences. We then implement temporal modelling
through neural networks. This new system shows strong resilience against variations in appearance,
background noise, and even partial obstructions. It focuses on the structural dynamics of human
movement, rather than just raw pixel data. In mathematical terms, the human pose at frame t is depicted
as a collection of joint coordinates Pt, where J represents the total number of skeletal key points. For
activity classification, we achieve temporal embedding via an LSTM that captures the sequential dynamics
of these joints. Results from our experiments on standard datasets, such as UCF50 and Kinetics-400, reveal
an impressive average accuracy of 91.3%, with a minimal loss of 0.38%. This significantly surpasses the
performance of traditional CNN-based methods. The results underline the effectiveness of skeletal-based
HAR using OpenPose in practical applications.
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Introduction

In a recent report from NLM (National Library Medicine), nearly 25 million people worldwide are going to
be affected by a brain memory fade condition called Alzheimer. People affected with Alzheimer's disease
can have difficulty doing their routine work, such as sleeping, walking, and talking, much more than
activities handled in daily life. Over 80% of Alzheimer's patients are unpredictable, making treatment
management challenging. The people affected with Alzheimer's face difficulty in problem-solving and
decision-making in their daily routines. To analyze the activity of the patients with questionnaire feedback
and some manual diagnosis processes, Al plays an important role in analyzing the patient character in
different forms.[1]

Identifying human actions from video footage is a key challenge in the field of computer vision. With the
rise of surveillance systems, wearable technology, and innovative environments, the need for robust
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human activity recognition (HAR) has become more crucial than ever. Traditional HAR methods typically
depend on either specially designed spatiotemporal features or deep convolutional neural networks
(CNNs) that process raw RGB frames directly. While these techniques can be effective, they often face
issues like being overly sensitive to changes in appearance, high computational demands, and decreased
accuracy when obstacles obstruct the view.

Lately, there has been a shift towards skeleton-based HAR. This approach simplifies human posture into
a collection of key points that represent various body joints. Such simplification not only enhances
resilience to environmental changes but also creates a concise, high-level depiction of movement. One
standout tool in this area is OpenPose, a cutting-edge algorithm for real-time pose estimation that
accurately extracts skeletal key points from single RGB frames. This makes it particularly well-suited for
HAR tasks. In this study, we integrate OpenPose with models that learn from temporal sequences to
effectively capture the dynamics of motion, ultimately leading to better activity recognition outcomes [2].

Related work

In the recent era, machine learning artificial intelligence models have played a significant role in
identifying patient conditions and their activity analysis in various forms. These models include manual
guestionnaire models, data interpretation models, and object and video-based activity analysis, all of
which are used to predict the severity of Alzheimer's patients with varying accuracy ranges. This analysis
focuses on those models and their key findings explained in Table 1.

Table 1. Compares of different Al model in Alzheimer prediction with the related work

Reference No Model Finding Accuracy Range
[3] Xception fused with Uses Barin MRl to find | 99.14
Random Forest the stages of the
patient
[4] Biceph-Net Diagnosis the 98.16
information form Brain
MRI
[5] Deep CNN with LGPose | Human pose estimation | 86.4
model with visual
transformer.
(6] Support Vector Identification of 91
Machine with secure depression in patients
hash algorithm leads to quality of life.
[7] Ensemble Learning 3D classification AUC-91.28
method with MRI
image
[8] Deep CNN with Human pose estimation | 3.39
Semantic regions model with body parts,
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biomarkers and
objects.

[9] Evolutionary Deep CNN | Identification of Computational
with some optimization | Alzheimer from the efficiency-0.018
technique image dataset in real

time healthcare
application.

[10] GRU Networks Real time annotation 87
capturing from dance
movements with
human body parts key
markers.

[11] CNN fused with long- Alzheimer patients’ 99

term short-term severity recognition
memory from MRI scan images

[12] Transfer learning model | Fused different types of | 80
datasets such as MRI
with ECG combine to
predict Alzheimer in
patients with effective
feature extraction
model.

[13] Graph based Multi label 84.03
convolutional neural classification of activity
network changes in Alzheimer

patients based on MRI
image.

[14] OpenPose and Graph Human pose estimation | F1 Score-0.8
neural network and ensure safe

working environment.

[15] Biosensors Human model to 95
analyses the human
activity with their
regular day to day
activities with the use
of wearable
technologies

[16] Support Vector Fused different types of | 93.71
Machine with k-nearest | Al model to predict
neighbor brain disorders early
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during activity changes.

[17] CNN with Visual Prediction are done 86
transformers with the use of brain
image data.
[18] Multimode Machine Fused different types of | 42
learning model datasets such as MRI
with ECG combine to
predict Alzheimer in
patients with effective
gradient boosting
regressors.
Proposed Work OpenPose Lightweight Activity 91.3%

analyzer from real time
video and activity
prediction with the use
of Al to analyze the
severity of Alzheimer
patients with their
activity

Key Contribution
The key contribution of this research is to explore different artificial intelligence models in detecting
Alzheimer's disease from the patients using different approaches, mostly based on brain images and some
activity analysis. But effectively analyzing is not possible with these two ways; for that, we are processing
video-based motion analysis to identify Alzheimer patient activity and defining which activity they forgot
to analyze the severity range of the disease with the help of an Al model. The activity categorization helps
analyze the missed behavior of the patients, which leads to cognitive decline. The major activities used
for categorization are walking, taking, sitting, sleeping, and using electronic gadgets. This patient activity
recognition improved patient supervision, reducing the need for medical experts by processing regular
care and attention to patient activity.[17]
Method, Experiments and Results

a) Methods
This review explains a good way to identify the daily activities of Alzheimer's patients. It suggests using
video analysis with different markers, as well as some activities without markers, to monitor changes in
the patients' activities. The proposed model uses different feature extraction methods, such as posture
changes, and missed daily activities such as sleep time and interaction with home people are noted. The
updated activity is recorded using a simple OpenPose Al model to track key movements from the video.
This information is then sent to the Al classifier, which accurately identifies any missed activities and
notifies the caregiver about any mixed activities for Alzheimer's patients are expressed in Figure 1.

SGS Engineering & Sciences, VOL. 1 NO .4 (2025): LGPR
https://spast.org/index.php/techrep/index



https://spast.org/index.php/techrep/index

Video Data —
Capturing Patient
Movements

Figure 1. Proposed Method to analyze patient activity

OpenPose Model
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b) Experiments and Results

The experiments were conducted using two datasets: UCF50, which includes 50 different human actions,
and a selected portion of Kinetics-400, a benchmark for human actions. For preprocessing, each video was
down sampled to 30 frames per second, and we utilized OpenPose to extract 18 key points from each
frame. The model employed was a two-layer neural network with a hidden size of 256, followed by a fully
connected layer for classification. In terms of training, we used the Adam optimizer with a learning rate
set at 0.001, a batch size of 32, and ran it for 50 epochs. To evaluate our results, we looked at various

Identifying
Routine deviations
and Anomalies

Activities
displayed in
Dashboard

Early Alerts to the
healthcare
professional about
physical decline

metrics, including accuracy, precision, recall, F1-score, and the confusion matrix expressed in Figure 2.
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Figure 2. Confusion Matrix

The performance metrics reveal some impressive results. The training accuracy stands at a remarkable
95.6%, while testing accuracy is slightly lower at 91.3%. The minimum training loss recorded is 0.28, and
the minimum testing loss is 0.38. When analyzing the confusion matrix, activities such as walking, running,
sitting, waving, and clapping all achieved accuracy rates exceeding 90%. However, activities that involved
more subtle hand movements showed a few minor misclassifications. Looking at the accuracy visualization
curves, we can see they had some initial fluctuations but began to stabilize after around 20 epochs. The
loss curves also demonstrated convergence, with only a small gap in generalization between training and
testing.

In comparison to baseline models, the RGB CNN-based model achieved an accuracy of 85.7%, while the
two-stream CNN combined with optical flow reached an accuracy of 87.9%. In contrast, our proposed
OpenPose + neural network model achieved an accuracy of 91.3%. This indicates that using skeletal key
point-based representations is more effective than relying solely on raw pixel data, resulting in both
improved efficiency and enhanced robustness are expressed in Figure 3.[17]
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Figure 3. Video Based Activity Analysis Al model Accuracy range in prediction.

Discussions

This study looks at a number of different artificial intelligence models used in video capture and machine
learning. The proposed model is better than some traditional models because it adds markers to video
activity to easily find routine and missed activities.[18]

Conclusions

This study introduces a strong framework for recognizing human activities by utilizing skeletal keypoints
obtained from OpenPose, which are then analyzed using neural networks. By simplifying motion into pose
dynamics, this system addresses the shortcomings often seen in traditional pixel-based human activity
recognition methods. Results from experimental tests indicate notable enhancements in both accuracy
and consistency, especially when faced with different lighting conditions and instances of occlusion.
Looking ahead, future research will expand this approach to include scenarios involving multiple people
and investigate the application of graph neural networks to enhance the relational modelling of joints
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