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 In today's security and surveillance applications, recognizing abnormal 

activity is critical component of identifying possible hazardous or unusual 

human behaviors. There is need for new technologies that can detect 

abnormal human behaviors precisely. The present review investigates 

various aspects of detection process, focusing on skeleton joints input data. 

It then explores adoption of deep learning (DL) architectures, such as long 

short-term memory (LSTMs) and transformers, to improve accuracy and 

robustness of recognition models. The review explores synergistic 

integration of LSTMs and transformers to improve recognition of unusual 

activity. By integrating LSTMs' processing capabilities and attention 

mechanisms of transformers, enhanced models can accurately identify 

intricate patterns of activity. Despite the advancements that have been made 

in the field, the challenges that remain are still related to recognition of 

unusual activities. These include lack of scalability for large datasets, need 

for models that can recognize complex behaviors across diverse applications, 

and need to ensure that detection is performed in a low-latency manner. The 

paper explores future directions of developing LSTM-based models that can 

recognize unusual activity using skeleton joint data in a cloud-based 

environment. The review emphasizes the potential of such solutions that can 

take advantage of the processing power of graphics processing units (GPUs) 

and tensor processing units (TPUs) and enable real-time recognition of 

activity in large datasets. 
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1. INTRODUCTION 

In recent times, the domain of human activity recognition (HAR) has experienced remarkable 

progress, especially through the incorporation of deep learning (DL) techniques. Among these techniques, 

long short-term memory (LSTM) networks [1]–[3] have surfaced as an effective instrument for capturing 

temporal relationships in sequential information. This systematic review focuses on the application of LSTM-

based activity detection techniques that leverage skeleton joint data, which provides a compact and 

informative representation of human posture and movement. The use of skeleton joints, derived from motion 

capture systems or depth cameras, allows for robust activity recognition, even in challenging environments. 

Nevertheless, even with the encouraging findings highlighted in the literature, numerous obstacles continue 

to exist, such as discrepancies in joint configurations, obstructions, and the intricacy of human activities. 

Additionally, computational factors like model efficiency, real-time processing abilities, and scalability are 

crucial for practical implementations in ever-changing environments. This review intends to consolidate 
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current research on LSTM-based activity detection utilizing skeleton joints, underscore the fundamental 

challenges encountered by researchers, and examine computational approaches that could improve 

performance and applicability in real-world contexts. By tackling these elements, the review aids in fostering 

a more comprehensive understanding of cutting-edge developments and lays the groundwork for future 

research trajectories in this advancing field. 

Recent progress in skeleton-based HAR has been based on either recurrent networks, e.g. LSTM 

networks, or attention-based transformer models [4]–[7] to capture temporal dependence in joint-level 

motion data. Although LSTM networks are best applied in learning short and medium-term time dynamics in 

skeleton sequences, they tend to fail to capture long-range temporal dynamics and multi-joint interactions in 

activities over long time scales. Transformer architectures, on the side, are effective in being able to compute 

global temporal modelling via self-attention. But transformers consume large-scale data and high 

computational resources, which restrict their application in real-time or resource-constrained settings. The 

novelty of this review is in the systematic study of hybrid LSTM-transformer models. The synergistic 

combination provides a balanced modelling paradigm, which overcomes the singular architecture limitations 

when used individually. Moreover, the intersection of LSTM-transformer models with cloud-based 

computing areas opens a novel dimension of research that has not been adequately examined in earlier 

reviews. Cloud infrastructures [8] can be scaled to support training, distributed inference [9], and real-time 

deployment of computationally intensive hybrid models, which are especially useful to large-scale  

skeleton-based HAR systems, including smart surveillance, healthcare monitoring, and human-robot 

interaction (HRI). The review also indicates that cloud-enabled LSTM-transformer pipelines are novel, where 

industrial sophistications at edge parts consist of lightweight skeleton extraction, and deep temporal models 

and attention-infused inference are run on cloud servers. This study stands out as one of the first review 

papers to fill the sequence modelling innovation (LSTM-transformer fusion) and practical cloud-based HAR 

deployment, creating gaps in the research and identifying opportunities towards scalable and smart activity 

recognition systems. 

To continue enhancing the structural purity of HAR research of skeletal type form, this review 

suggests a graphical taxonomy, which previsualizes a methodically categorized set of model infrastructure 

and deployment strategies utilized by LSTM- and transformer-based frameworks. In contrast to  

other previous surveys, which boil relevant studies down to comparisons on a tabular case or narrative 

analysis, the proposed taxonomy will provide a multi-dimensional graphical structure which ranks existing 

studies on 3 orthogonal scales. These scales include: i) model architecture, which is housed in standalone 

LSTM models, pure transformer-based models and mixed LSTM-transformer pipelines; ii) temporal and 

spatial modeling strategies, including joint-level encoding, spatio-temporal graph representations and 

attention-based inter-joint dependency learning; and iii) deployment schemes, which include edge-based in 

such visual abstraction allows the readers to easily recognize architectural trend, prevailing modeling 

preferences, and uncharted options in the literature. 

The taxonomy also factors in deployment-conscious design factors, pointing to the effects of  

task-oriented constraints on computational costs, latency tolerance, and scalability concerns in the operational 

tip of the iceberg on the architecture. The mapping of hybrid LSTM-transformer models to cloud-centered 

and edge-cloud collaborative models allows exploration of an emerging direction in research with the 

involvement of satisfying timeliness modeling, intimacy, and deployment efficiency. It is especially the 

contribution that is very new to a systematic review, as it brings the algorithmic innovation and the  

system-level deployment strategies into contact, providing researchers and practitioners with a structured 

viewpoint on the current work and the future opportunities of research.  

The suggested visual taxonomy as shown in Figure 1 can be used as a summarization tool, as well as  

a design template for next-generation, scalable skeleton-based HAR systems. The study will explore  

innovative approaches that leverage DL techniques to improve accuracy and robustness in activity 

recognition systems. Furthermore, the integration of multimodal data sources [10], [11] will be examined, 

which can provide richer contextual information and potentially lead to more nuanced interpretations of 

human activities.  

Furthermore, transfer learning will be examined for its contribution to the adjustment of models for 

various environments, allowing systems to achieve better generalization across a range of contexts and 

populations [12]. The ethical considerations involved in implementing these technologies in practical 

applications will also be considered, ensuring that privacy and security issues are thoroughly addressed while 

optimizing the advantages of improved activity recognition. Moreover, the significance of continuous 

learning and adaptation within these models will be highlighted, stressing the necessity for regular 

assessment and enhancement to keep up with changing user demands and technological progress. 
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2. REVIEW METHOD 

The entire review process is carried out by framing the research questions that can contribute to the 

understanding of abnormal activity recognition using skeleton joints, how to enhance the detection accuracy, 

the role of LSTM-based models in analyzing the skeleton joints, challenges to overcome, and future 

directions that can guide in analyzing the analysis of skeleton joints data and perform the recognition with 

high efficiency. The major contribution of the review is to address the following framed research questions. 

− RQ1: how do skeleton joints contribute to the detection of normal and abnormal human behavior? 

− RQ2: how do the transformation models contribute to activity detection? 

− RQ3: how are LSTM-based models efficient in analyzing the skeleton joints data and conducting the 

detection well? 

− RQ4: what are the different challenges in detecting different activities using the current recognition 

frameworks and future scope? 

Google Search engine is used to search for relevant articles published in various reputed journals. The 

search engine performed the search in many reputed databases like Springer, IEEE Xplore, and Science Direct. 

The search process is conducted using keywords combined with the AND Boolean operator. All the databases 

were explored to identify the articles to be considered for review systematically and provide an opportunity to 

improve the performance of the models and predict the activities most efficiently. Four keywords were selected 

based on the research questions. These search words were combined during the advanced search process to 

identify more relevant articles. Table 1 shows the list of keywords used during the review process. 

 

 

Table 1. Keywords used during the search 
Database Initial search words Advanced search words 

IEEE Xplore LSTM models LSTM models [AND] transformers 

Springer Transformer models LSTM models [AND] human activity recognition 
Science Direct Human activity recognition HAR [AND] skeleton joints data 

Others Skeleton joints data LSTM models [AND] transformers [AND] HAR [AND] 

skeleton joints data analysis 

 

 

A systematic screening procedure was employed in accordance with established systematic literature 

review and PRISMA reporting guidelines [13], [14]. Studies published between 2019 and 2024 were 

considered, focusing on HAR, using skeleton joint data, and mentioning LSTM, transformer, or related DL 

architectures. A few papers were excluded from the review that did not apply the proposed techniques to 

skeleton-based activity detection. The remaining articles were screened through identification, duplicate 

removal, relevance assessment, eligibility checking, and full-text evaluation before final inclusion in the 

review. Figure 1 summarizes all the stages using a systematic article-selection flow. 

 

 

 
 

Figure 1. Systematic article selection process 
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The initial search generated 126 articles, but only 85 were considered based on the relevance and the 

year of publication. The further search process is conducted by fine-tuning the search keywords using the 

common keyword 'human activities recognition'. Finally, 52 articles were considered for the final review 

process. Figure 1 shows the process flow diagram summarizing all the steps. 

 

 
3. DISCUSSIONS 

The section presents the findings of the reviewed articles in relation to the four research questions 

formulated for this study. The discussion is organized according to each research question to ensure a 

systematic interpretation of the literature. The subsections highlight the major approaches, findings, 

challenges, and research opportunities identified across the selected studies. 

 
3.1.  RQ1: understanding abnormal activity recognition: the role of skeleton joints 

For this research question, 35 papers were considered by filtering them with the role of skeleton 

joints in understanding and recognizing abnormal behavior. At last, 9 papers were considered for analysis. 

This review aims to explore various methodologies employed in detecting and interpreting abnormal 

activities through the analysis of skeletal joint movements, highlighting advancements in machine learning 

techniques and their applications in real-time monitoring systems. Furthermore, the integration of depth 

sensors and computer vision has significantly enhanced the accuracy of these systems, enabling more 

nuanced interpretations of human behavior in diverse environments. 

Additionally, the use of convolutional neural networks (CNNs) has proven effective in extracting 

features from skeletal data, allowing for improved classification of activities and the identification of subtle 

deviations that may indicate abnormal behavior [15], [16]. In addition to the foundational role of skeleton 

joints in recognizing abnormal activities, recent advancements have highlighted the importance of integrating 

multimodal data for enhanced performance [17]. By employing CNNs alongside attention-based LSTM 

models, researchers can effectively merge deep spatial information with temporal dynamics, thereby 

improving the extraction of key behaviors from complex datasets [18]. 

In addition to the ethical considerations surrounding abnormal activity recognition systems, it is 

imperative to address the technical challenges that persist in achieving optimal performance. Recent studies 

have shown that employing recurrent neural networks (RNNs) can significantly enhance the analysis of 

temporal dependencies within skeletal data, thereby improving accuracy in recognizing both normal and 

anomalous activities [19], [20]. As the landscape of abnormal activity recognition evolves, the potential for 

integrating advanced machine learning techniques with real-time data streams presents a compelling frontier. 

For instance, the application of attention mechanisms within LSTM frameworks can enhance the model's 

sensitivity to critical moments in human behavior, allowing for more accurate detection of anomalies as  

they occur. 

Moreover, exploring the use of generative adversarial networks (GANs) could provide innovative 

ways to augment training datasets, addressing issues of bias and improving generalizability across diverse 

populations [21]. As the integration of advanced machine learning techniques continues to reshape abnormal 

activity recognition, it becomes increasingly important to examine the role of data quality and feature 

selection in model performance. The effectiveness of LSTM models can be significantly influenced by the 

choice of input features; thus, employing methods such as dimensionality reduction or geometrical feature 

extraction from skeletal data is essential for optimizing accuracy [21]. 

Moreover, the integration of advanced techniques such as hybrid models that combine LSTM 

networks with CNNs has shown promise in enhancing activity recognition systems by capturing both spatial 

and temporal features effectively. For instance, recent studies have demonstrated that employing a visual 

geometry group (VGG)-LSTM model can significantly improve accuracy across various datasets, achieving 

impressive results like 95.85% on the wireless sensor data mining (WISDM) dataset [2]. Furthermore, 

exploring multimodal data sources—such as integrating audio or environmental sensors—can enrich the 

context surrounding human activities, leading to a more comprehensive understanding and interpretation of 

complex behaviors. 

 
3.2.  RQ2: transformers in motion: enhancing abnormal activity detection 

For this research question, 32 papers were considered by filtering them based on the role of 

Transformers in enhancing the performance of activity detection. Finally, 7 papers were considered for 

analysis. Recent studies indicate that integrating Transformer models with skeleton joint data can yield even 

higher accuracy rates than traditional methods, further pushing the boundaries of what is achievable in this 

domain [22]. In addition to the integration of edge computing and human expertise, the role of advanced 

anomaly detection techniques in addressing cybersecurity threats cannot be overstated. As digital 
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infrastructures become increasingly complex, traditional methods often fall short in identifying sophisticated 

cyber-attacks that exploit system vulnerabilities; hence, DL approaches have emerged as a vital solution [23]. 

For instance, utilizing models such as CNNs combined with LSTM networks has shown remarkable success 

in detecting network anomalies by analyzing vast amounts of sequential data, thus enhancing both accuracy 

and efficiency in real-time threat identification [24], [25]. 

Furthermore, these methodologies not only bolster defenses against immediate attacks but also 

contribute to a more profound understanding of attack patterns over time, allowing organizations to  

pre-emptively strengthen their security postures and mitigate risks effectively. As organizations increasingly 

rely on sophisticated anomaly detection techniques, the integration of unsupervised learning methods has 

emerged as a vital complement to traditional approaches. These methods can autonomously identify patterns 

without extensive labeled datasets, making them particularly useful in dynamic environments where new 

types of anomalies frequently arise. 

For instance, leveraging convolutional long short-term memory (Conv-LSTM) models  

enables systems to learn spatiotemporal features from video data effectively, thereby enhancing  

surveillance capabilities and improving response times in critical situations [26]. By embracing such 

innovative methodologies, organizations not only fortify their defenses against evolving threats but also 

pave the way for more adaptive and resilient operational frameworks that can respond intelligently  

to unforeseen challenges. In addition to the advancements in hybrid models, the integration of 

unsupervised DL techniques has emerged as a transformative force in anomaly detection [27], [28]. 

These methods are particularly adept at uncovering subtle deviations from normal behavior patterns 

without relying on extensive labeled datasets, thereby addressing one of the significant challenges faced 

by traditional approaches.  

 
3.3.  RQ3: LSTM-based models: a supportive framework for skeleton joint analysis 

For this research question, 27 papers were considered by filtering them with the role of LSTM 

models in analyzing skeleton joint data during the process of recognizing abnormal behavior. At last,  

7 papers were considered for analysis. As the field progresses, integrating these advanced methodologies will 

be crucial for developing comprehensive solutions that address both technical and ethical considerations 

inherent in deploying HAR technologies effectively. By capturing the dynamics of motion over time,  

LSTM-based approaches can effectively distinguish between normal and abnormal activities, leading to 

improved detection rates in various applications such as surveillance, healthcare, and human-computer 

interaction. Furthermore, the incorporation of attention mechanisms within these LSTM frameworks can 

further enhance performance by allowing the model to focus on critical joints and movements that are most 

indicative of abnormal behavior. Additionally, the integration of multi-modal data sources, such as audio and 

environmental context, can provide a richer understanding of the scenarios being analyzed, enabling even 

more robust predictions and insights into human behavior. By leveraging these diverse data streams, 

researchers can develop more comprehensive models that account for the complexities of human interactions 

and environmental influences, ultimately leading to improved outcomes in various fields, including security 

and healthcare management [29]. 

The primary challenges in activity recognition using skeleton joints data include the  

difficulty in capturing discriminative spatiotemporal features, computational inefficiency, and the 

handling of occlusions and noise. Traditional methods often struggle with recognizing actions  

that have subtle differences in motion patterns due to their reliance on naive attention mechanisms,  

which are not adept at distinguishing such nuances [30]. Additionally, the complexity of transformer 

models can lead to high computational costs and resource demands, which are significant barriers to  

their practical application [31]. Another challenge is the limited receptive field of graph convolutional 

networks (GCNs), which restricts their ability to capture long-range dependencies between joints  

across frames [4]. 

Moreover, the aggregation of joints into body parts can obscure fine-grained actions, making it 

difficult to fully exploit part-level data. The IIP-transformer leverages intra- and inter-part interactions to 

improve recognition of both coarse- and fine-grained actions [5]. Additionally, the language-guided graph 

transformer (LGGT) incorporates semantic guidance to enhance the model's understanding of action 

relationships [6]. These innovations demonstrate the potential of transformers to overcome the inherent 

challenges in skeleton-based action recognition, offering more robust, efficient, and accurate models for  

real-world applications. 

In skeleton-based HAR systems, interpretability is also crucial. Attention weights, key joint 

movements, motion trajectories, and patterns at the frame level focus on how LSTM and transformer 

models classify an activity. These explainable features can be helpful in sensitive applications as they 

provide information on which body joints or time steps most influenced the final classification.  
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3.4.  RQ4: focusing on skeleton joints and transformers for superior activity recognition 

For this research question, 23 papers were considered by filtering them with the concept of 

integrating skeleton joints data and Transformers for better activity recognition. Finally, 8 papers were 

considered for analysis. As the integration of skeleton joint data with advanced architectures like 

transformers and LSTMs gains traction, attention must also be directed toward enhancing user interaction 

with these systems. For example, developing intuitive interfaces that allow users to provide real -time 

feedback can significantly improve model training and adaptability, fostering a more personalized 

experience. The multi-scale temporal transformer (MTT) also addresses the need for capturing long-term 

temporal dependencies, which are crucial for sequential skeleton data, by integrating multi -scale temporal 

embeddings and transformer encoders [24]. The cloud environment offers a scalable and efficient platform 

for deploying these advanced models, allowing for real-time processing and analysis of large datasets. The 

integration of LSTM and transformers in the cloud can leverage the strengths of both models, with LSTM 

handling temporal sequences and transformers capturing complex dependencies, thus enhancing the 

overall accuracy and efficiency of HAR systems. 

Moreover, the use of DL techniques, such as those combining CNN and LSTM, has shown 

promise in extracting spatiotemporal features from skeleton data, further improving recognition accuracy 

[32]. The development of intelligent HAR systems using skeleton information, as discussed [33], 

underscores the potential of these technologies in various applications, from monitoring the elderly to 

surveillance. The cloud environment not only facilitates the deployment of these models but also supports 

the integration of multiple data sources, such as image feature extraction and object detection, to improve 

action recognition [10]. The spatio-temporal image formation technique proposed by Tasnim et al. [11] 

also highlights the potential of using pre-trained models and fusion techniques to enhance the performance 

of HAR systems in the cloud. Finally, addressing challenges such as missing joint recovery, as explored  

by Zhalgasbayev and Tu [34], is crucial for improving the robustness of skeleton-based activity 

recognition systems in dynamic and uncertain environments [35], [36]. Overall, the combination of LSTM, 

transformers, and cloud computing presents a powerful approach to advancing the field of HAR using 

skeleton joints. 

Latency, privacy, bandwidth, and computational cost are critical challenges for cloud-enabled 

HAR systems for real-world deployment. A feasible solution is to do the skeleton extraction and basic 

processing on edge devices, and the large-scale storage and complex LSTM-transformer inference on the 

cloud server. The integration of edge and cloud can help to cut latency and increase scalability. But, in 

certain applications like healthcare, surveillance, and elderly monitoring, privacy-preserving techniques 

are required for using HAR system. The results of this review are applicable to a few practical applications 

of HAR such as fall detection for the elderly, smart surveillance, rehabilitation, sports analysis, HRI, and 

healthcare monitoring. Transfer learning, domain adaptation, lightweight edge processing, and scalable 

inference to the cloud are all possible techniques to adapt the models to various environments. The models 

can be transferred to different environments with transfer learning, adapted to various environments with 

domain adaptation, processed at the edge with lightweight models, and scaled to the cloud for inference.  

 

 

4. COMPARATIVE ANALYSIS OF EXISTING WORKS 

The field of HAR has significantly advanced with the emergence of DL and machine learning 

models [37], [38], particularly in environments that utilize cloud computing. This technology enables the 

prediction and classification of human activities based on the collected sensor data [39]. Due to the diverse 

computing environments and methods, the development of various processing techniques and models has 

been carried out. Some of these include the use of transformer networks and long-term memory. This 

subsection aims to review the various implementations of HAR using transformer networks, LSTM models, 

and others in cloud environments. There was no formal meta-analysis conducted due to the differences in the 

data sets, data format, evaluation metrics, and experimental conditions used across the studies. Table 2 

summarizes the existing HAR studies based on method, dataset, performance, and key influencing factors. 

The comparison allows the evaluation of the relative performance of the LSTM, CNN-LSTM, gated recurrent 

unit (GRU), transformer, GCN, and hybrid models on various HAR datasets. 

In addition to LSTM models and transformer models, other methods, such as GCNs and  

multimodal fusion in skeleton-based HAR, are also significant. The advantage of GCN-based models is that 

they can learn spatial relationships between body joints, and LSTM models and transformer models are 

primarily used to model temporal and long-range movements. By 4 combining skeleton data and RGB video, 

wearable sensors, audio, or environmental information, the performance can further be improved by 

multimodal fusion. 
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Table 2. Comparative analysis with the state-of-the-art works 
Ref. Problem 

statement 

Methods proposed Dataset used Results obtained Influencing factors 

[8] HAR using 

edge-computing 

OI-EleAttG-GRU UCI machine learning 

repository, UCI HAR, 

and self-created 

85.4% average accuracy Feature extraction 

[9] HAR for 

pedestrian 

navigation 

DL algorithms with 

sensor data, LSTM, 

and CNN 

UCI Up to 91.92% accuracy 

and 95.55% on 

smartphone posture 
recognition 

Seven traditional ML 

algorithms 

[12] HAR using 

mobile health 
data 

CNN with LSTM 

and SVM transfer 
learning 

MHEALTH 99.8% impressive 

accuracy 

Transfer learning 

[40] HAR A GRU algorithm WISDM 97.08% testing accuracy 

and 0.221 testing loss 

Hyper-parameter 

tuning and k-fold 
cross-validation  

[41] Performance 

evaluation 
w.r.t HAR 

Feature extraction 

using 3D-DCNN 
using LSTM. 

UCF50 action 

recognition 

86.57% accuracy 3DCNN-LSTM 

approach 

[42] HAR using 

DL 

A residual BiLSTM 

network 

UCF-Crime Kaggle 100% classification 

accuracy 

Combining 

convolutional and 
recurrent layers  

[43] Sensor-based 

HAR 

A modified BRNN 

with LSTM 

Mobifall 4% improvement over 

previous methods 

Feature extraction  

[44] HAR using 

hybrid DL 

Hybrid DL combined 

with CNN and 

LSTM 

20 participants dataset 

with 12 different 

physical activities  

90.89% accuracy Combination of CNN 

and LSTM 

[45] Deep neural 

network 

(DNN)-based 
HAR 

LSTM combined 

with RNN 

WISDM 94% accuracy with 30% 

loss 

L2 regularization and 

dropout. 

[46] HAR using 

sensor data 

BiLSTM, CNN, and 

ConvLSTM 

WISDM 84.8% with BiLSTM 

and 84.3% with 
ConvLSTM. 

Watch accelerometer 

data 

[47] HAR using 

DNN 

A hybrid model 

combining CNN and 

LSTM algorithms 

UCI-HAR 96.8% accuracy. Principal component 

analysis (PCA) and 

feature extraction 

[48] HAR using 

LSTM and 
RNN 

LSTM-RNN DL OPPORTUNITY 94% overall accuracy. 

91% accuracy on non-
repetitive motions and 

80% accuracy on 

repetitive ones 

Comparative analysis 

and performance 
metrics 

[49] HAR using 

wearable 

sensor data 

CNN with GRU WISDM smartphone 

and smartwatch activity 

and biometrics 

The CNN-GRU model 

achieved the highest 

classification accuracy  

Leveraging spatial 

and temporal features 

[50] HAR using 

self-attention 

model 

CNN with LSTM H-activity, MHEALTH, 

and UCI-HAR 

99.93% accuracy. A self-attention layer 

to extract temporal 

features 
[51] HAR based on 

CNN 

2D-CNN WISDM achieving an accuracy of 

97.20% on the WISDM 
dataset 

2D-CNN with 

hyperparameter tuning 

[52] HAR using 

transitional 
activities 

LSTM with BiLSTM 

and CNN 

Dataset A (HAPT) and 

dataset B 

96.1% accuracy for 

transitional activities and 
98.4% for basic 

activities 

Hybrid model 

combined with 
decision fusion  

[53] HAR using 
noisy data 

CNN with BiLSTM 
parallel model using 

attention mechanism 

UCI HAR dataset and 
the WISDM HAR 

96.71% accuracy Dimensionality 
reduction and 

hyperparameter tuning 

[54] HAR using 
DL 

CNN with LSTM UCI-HAR, 
OPPORTUNITY, 

UNIMIB-SHAR, 

PAMAP2, and WISDM 

98.82% impressive 
accuracy on specific 

datasets 

Hybrid architecture 
combined with LSTM 

and ML algorithms 

 

 

5. CONCLUSION 

The comprehensive review of LSTM-based activity detection utilizing skeleton joints underscores 

the transformative capabilities of DL techniques within the sphere of HAR. The combination of LSTM 

networks with emerging transformer architectures signifies a notable advance in effectively capturing the 

temporal and spatial intricacies of human movements, thus improving the precision and reliability of activity 

recognition systems. Nonetheless, despite the encouraging progress, the domain still faces considerable 

obstacles, including implementing technologies in real-world scenarios. Tackling these issues through 
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innovative strategies like ensemble learning, multimodal data integration, and federated learning will be 

essential for creating resilient systems that emphasize user privacy while enhancing their operational 

efficiency. As research advances, the knowledge acquired from this review will lay the groundwork for 

future investigations aimed at refining activity recognition systems, paving the way for a deeper 

understanding and interpretation of human behaviors in intricate contexts. The importance of detecting 

unusual activities in modern surveillance has been highlighted in this review. It emphasizes the importance of 

having skeleton joint data as a starting point for identifying such activities. The integration of the 

Transformer and LSTM models can provide a more accurate and robust solution to identifying complex 

activity patterns. The development of a cloud-based LSTM framework that is capable of handling joint 

skeleton analysis is expected to help improve the detection of unusual activities. 
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