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Abstract 

 
Human Activity Recognition (HAR) has become increasingly significant in domains such as healthcare, 
surveillance, human-computer interaction, and smart environments. This study proposes an Artificial 
Intelligence and Machine Learning (AIML)-driven framework for recognizing human activities using a 
hybrid MobileNet-LSTM model optimized by the Wildebeest Herd Optimization Algorithm (WHOA). 
Leveraging multimodal datasets that include RGB, depth, and skeletal joint information, the system 
applies rigorous preprocessing steps such as frame segmentation, temporal sampling, optical flow 
extraction, and data augmentation to ensure data reliability and model robustness. MobileNet is 
employed for efficient spatial feature extraction, while LSTM captures the temporal dependencies 
within action sequences. WHOA is used to fine-tune hyperparameters, improving the overall model 
accuracy and performance. Experimental results demonstrate that the framework achieves high 
recognition rates while maintaining low computational complexity, making it suitable for real-time 
applications on resource-constrained devices. 
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1. Introduction 

 
This section introduces the significance of 
Human Activity Recognition (HAR) in modern 
intelligent systems, especially in domains like 
healthcare, surveillance, and smart 
environments. It outlines the challenges of 
recognizing human actions due to temporal 
complexity, occlusions, and variability, and 
discusses the limitations of traditional 
approaches that depend on handcrafted 
features. The introduction sets the stage for 
adopting deep learning models—specifically 
MobileNet and LSTM—while also motivating 
the need for optimization strategies like 
WHOA to balance accuracy and 
computational efficiency for real-time, low- 
resource deployment. 

Human Activity Recognition (HAR) plays a 
crucial role in enhancing intelligent systems 
across various application areas, including 
real-time monitoring, assisted healthcare, 
security surveillance, and interactive 
computing. It enables systems to interpret 
human actions from video streams or sensor 
data, promoting more adaptive and context- 
aware responses. In practical scenarios, 
distinguishing between atomic actions such as 
sitting or waving, and more complex 
sequences like exercising or cooking, presents 
substantial challenges due to temporal 
variability, occlusion, and environmental 
noise. 

 
Traditional HAR approaches relied heavily on 
handcrafted features and statistical models, 
which often lacked scalability and 
generalizability. With the advent of deep 
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learning and artificial intelligence, advanced 
models such as Convolutional Neural 
Networks (CNNs) and Recurrent Neural 
Networks (RNNs) have been employed to 
automate the learning of complex motion 
patterns. However, the deployment of such 
models on low-power or embedded devices 
remains constrained by their computational 
demands. 

 
To address this, the proposed study introduces 
a lightweight HAR framework that integrates 
MobileNet for efficient spatial feature 
extraction with Long Short-Term Memory 
(LSTM) networks for capturing temporal 
dynamics. To further improve accuracy and 
efficiency, the Wildebeest Herd Optimization 
Algorithm (WHOA) is adopted to fine-tune 
model hyperparameters. This approach 
ensures that the model remains both 
computationally efficient and highly accurate, 
making it ideal for real-time, resource-limited 
applications. 

 
2. Review of Literature 

 
This section presents a critical overview of the 
progression from conventional rule-based 
HAR methods to contemporary deep learning 
and AIML-driven frameworks. It highlights the 
growing relevance of hybrid CNN-RNN 
models, the use of multimodal and sensor- 
integrated datasets, and the emergence of 
bio-inspired optimization algorithms to 
improve learning accuracy. Furthermore, it 
explores how modern approaches are 
enhancing scalability, personalization, and 
privacy through techniques like federated 
learning and transfer learning, setting a 
foundation for the novel contributions of this 
study. 

 
The evolution of HAR research has shown a 
clear transition from rule-based systems and 
handcrafted feature extraction to more 
intelligent, data-driven methods. Early models 
often suffered from rigidity, struggling with 
noisy or incomplete data, and lacking the 
adaptability to handle diverse human actions. 
More recent methodologies emphasize hybrid 

deep learning strategies that combine the 
strengths of spatial and temporal modeling. 

 
Models that utilize lightweight CNNs alongside 
recurrent units have proven especially 
effective in scenarios requiring real-time 
processing. These architectures offer the dual 
benefits of computational efficiency and 
temporal pattern recognition. Additionally, the 
integration of wearable sensors and 
multimodal datasets has expanded the scope 
of HAR systems, enabling robust performance 
in personalized health monitoring and 
ubiquitous computing environments. 

 
Optimization algorithms inspired by natural 
behavior have also gained traction in refining 
HAR model parameters. These algorithms 
improve convergence speed and model 
accuracy while reducing overfitting and 
training complexity. Furthermore, ensemble 
approaches and transfer learning strategies 
are being employed to enhance 
generalizability across varied environments 
and user behaviors. 

 
Another growing trend is the use of federated 
and distributed learning to ensure data 
privacy and efficient computation across 
decentralized devices. Such approaches divide 
learning across clients while maintaining 
performance integrity, especially when 
training on noisy or incomplete data subsets. 
These advances point towards an increasingly 
autonomous and adaptive future for HAR 
systems. 

 
3. Research Methodology 

 
This section details the complete pipeline of 
the proposed HAR framework, starting from 
data collection using UTKinect-Action3D and 
CMU Mocap3D datasets, followed by rigorous 
preprocessing to ensure high-quality training 
data. It explains how MobileNet is employed 
for lightweight spatial feature extraction and 
LSTM for capturing temporal dynamics. The 
Wildebeest Herd Optimization Algorithm 
(WHOA) is introduced as a hyperparameter 
tuning method to further enhance the model’s 
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efficiency and predictive accuracy. Together, 
these components form an optimized, real- 
time capable AIML model for human activity 
recognition. 

 
This research implements a lightweight and 
efficient deep learning framework for Human 
Activity Recognition (HAR) by leveraging 
MobileNet V2 in combination with Long Short- 
Term Memory (LSTM) and optimized using the 
Wildebeest Herd Optimization Algorithm 
(WHOA). The methodology begins with data 
acquisition from two benchmark datasets— 
UTKinect-Action3D and CMU Mocap3D. These 
datasets encompass RGB, depth, and skeletal 
joint information, capturing a variety of 
human actions and motions. The diversity and 
complexity present in these datasets, such as 
viewpoint variability and occlusions, were 
addressed using normalization, alignment, 
and targeted augmentation techniques to 
improve their utility for model training. 

 
To prepare the data for learning, a 
comprehensive preprocessing pipeline was 
applied. Video sequences were segmented 
into 16-frame chunks and resized to 256x256 
pixels to standardize inputs. Motion 
information between frames was extracted 
using optical flow computation, while image- 
level augmentations like Gaussian blur, color 
jittering, and random flips enhanced the 
dataset's diversity. Temporal sampling and 
jittering ensured dynamic context 
representation while reducing computational 
cost. Missing values were imputed using 
interpolation and mean-based strategies to 
maintain dataset integrity. Furthermore, 
quality control measures ensured that 
corrupted frames or mislabelled samples were 

eliminated, resulting in a clean, robust training 
corpus. 

 
The backbone of the model architecture is 
MobileNet V2, known for its efficient 
computation through depth-wise separable 
convolutions. This architecture enables rapid 
processing on low-power devices without 
compromising accuracy. MobileNet was 
integrated with an LSTM module to capture 
sequential and temporal features critical for 
distinguishing between dynamic human 
actions. To further improve model 
performance, WHOA was employed to fine- 
tune hyperparameters like learning rate, 
dropout rate, and batch size. Inspired by the 
natural foraging behavior of wildebeests, 
WHOA balances exploration and exploitation 
effectively, enabling robust convergence 
during training. 
 

 
4. Results and Discussion 

 
This section evaluates the performance of the 
proposed MobileNet-LSTM-WHOA model on 
two datasets using multiple statistical metrics 
such as accuracy, sensitivity, specificity, and F- 
score. It presents comparative analyses with 
baseline models like AlexNet, VGGNet, and 
ResNet, showing how the proposed model 
excels particularly in accuracy and specificity. 
The results confirm that integrating MobileNet 
with LSTM and WHOA not only improves 
classification robustness but also ensures 
generalizability across varying datasets and 
scenarios, making it ideal for real-world 
deployment. 
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Figure 1 : The bar graphs above visually compare Accuracy and F-score across the UTKinect and CMU 
datasets, highlighting the clear improvements offered by the proposed framework. 
 

The model was implemented and evaluated 
using Amazon EC2 instances with NVIDIA Tesla 
T4 GPUs to accelerate training and ensure 
reliable experimentation. The performance 
was assessed on both the UTKinect-Action3D 
and CMU Mocap3D datasets using metrics 
such as accuracy, sensitivity, specificity, p- 
value, and F-score. 

 
On the UTKinect-Action3D dataset, the 
proposed MobileNet-LSTM-WHOA model 
demonstrated superior classification accuracy 
(92.5%) and the highest specificity (98.1%) 
among all compared models. While its 
sensitivity (30%) remained on par with 
AlexNet, the F-score (0.397) slightly surpassed 
the traditional CNN-based architectures, 
suggesting improved consistency in detecting 
positive classes despite the challenging data 
distribution. Compared to VGGNet and 
ResNet, the proposed model balanced 
accuracy and specificity more effectively, 
showing robust behavior in discriminating 
between complex actions with lower 
misclassification rates. 

 
On the CMU Mocap3D dataset, the proposed 
model achieved the highest accuracy (98.1%) 
and specificity (98.1%), outclassing AlexNet, 

VGGNet, and ResNet in overall performance. 
While the F-score (0.920) was slightly lower 
than AlexNet (0.947), the model displayed the 
highest N-value (0.998), indicating strong 
generalizability and classification reliability. 
ResNet, though competitive in sensitivity, 
showed a performance drop in specificity, 
validating the benefits of the proposed 
model's temporal and spatial synergy. Overall, 
the proposed model maintained a better 
balance across evaluation metrics, confirming 
its effectiveness for HAR tasks in both 
controlled and dynamic settings. 

 
5. Conclusion 

 
This section summarizes the effectiveness of 
the AIML-driven HAR framework by 
emphasizing its superior classification 
performance, computational efficiency, and 
adaptability for real-time applications. It 
reiterates the value of using MobileNet for 
lightweight operations, LSTM for handling 
temporal patterns, and WHOA for fine-tuning 
the system. The study concludes with the 
model’s potential impact on smart health 
monitoring, human-computer interaction, and 
surveillance, while proposing future 
enhancements involving practical deployment 
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in healthcare and expanding to other human 
behavior recognition domains. 

 
This study presented an AIML-powered 
lightweight HAR framework integrating 
MobileNet V2 with LSTM, further optimized 
by the Wildebeest Herd Optimization 
Algorithm. The system was validated on two 
widely-used datasets, where it demonstrated 
superior accuracy, specificity, and 
generalization capacity, especially in 
recognizing complex and subtle human 
motions. The integration of temporal 
modeling through LSTM with efficient spatial 
extraction via MobileNet allowed the model 
to be both high-performing and 
computationally feasible, ideal for deployment 
on mobile or edge devices. 

 
The proposed preprocessing strategies— 
ranging from temporal segmentation and 
optical flow computation to robust 
augmentation and data imputation—ensured 
high-quality inputs for the learning models. 
Additionally, the incorporation of WHOA 
proved beneficial in hyperparameter tuning, 
improving training convergence and boosting 
model performance. 
 
The framework's success across both datasets 
underscores its potential for real-time 
applications in healthcare monitoring, smart 
surveillance, and human-computer 
interaction. Future work will explore 
deployment in real-world scenarios and 
domain-specific extensions, particularly for 
remote patient activity monitoring in 
healthcare settings. 
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