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Abstract: 

The rapid growth of electronic waste has increased the 

demand for efficient remanufacturing and recycling 

systems. In most remanufacturing industries, 

disassembly operations are still performed manually, 

resulting in low productivity, high operational cost and 

inconsistent performance. Human-robot collaboration 

has recently emerged as a practical solution for 

improving industrial disassembly processes. However, 

for robots to assist workers effectively, they must 

understand and recognize human activities accurately. 

 

This paper presents an unsupervised human activity 

recognition framework for industrial disassembly tasks 

using video-based learning techniques. Unlike 

traditional supervised learning methods that require 

large amounts of manually labeled data, the proposed 

framework learns meaningful activity patterns directly 

from unlabeled video sequences. The system combines 

a Variational Autoencoder (VAE) for feature 

representation learning with a Hidden Markov Model 

(HMM) for temporal activity segmentation and 

classification. 

 

The proposed framework is evaluated using a hard disk 

drive disassembly case study. Experimental analysis 

demonstrates that the framework achieves strong 

recognition performance while significantly reducing 

dependency on manual annotations. The proposed 

method provides an efficient and scalable solution for 

intelligent industrial automation and collaborative 

robotic systems. The framework also improves 

adaptability in dynamic industrial environments where 

activity patterns may vary between workers and tasks. 

By reducing the  

 

 

requirement for manual data annotation, the proposed 

system lowers development cost and improves 

scalability for real-world deployment. The integration 

of unsupervised representation learning with 

probabilistic temporal modeling provides a reliable 

solution for continuous activity monitoring in smart 

manufacturing systems. The proposed approach can 

further support future industrial automation 

applications involving collaborative robotics, 

predictive maintenance and intelligent process 

optimization. 

 

INDEX TERMS: Artificial Intelligence, Convolutional 

Neural Network, Deep Learning, Diabetic Retinopathy, 

Resolvable AI, Image Processing, Medical Image 

Analysis, Transfer Learning 
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1. INTRODUCTION   

 

Electronic waste, commonly known as e-waste, has become one 

of the fastest growing waste streams across the world. The 

increasing use of electronic products and rapid technological 

advancements have resulted in a large quantity of discarded 

devices such as computers, hard disk drives, printers and mobile 

phones. In remanufacturing industries, these discarded products 

are disassembled to recover reusable components and valuable 

materials. However, most disassembly operations are still 

carried out manually because of the complexity involved 

In handling different product and tools.  

 

Manual disassembly processes suffer from several limitations 

including low productivity, worker fatigue, inconsistent 

operation and high labor costs. To overcome these challenges, 

industries are gradually adopting human-robot collaboration 

systems. Collaborative robots can support workers during 

repetitive and physically demanding tasks. Nevertheless, 

successful collaboration requires robots to recognize.  

 

Human Activity Recognition (HAR) has therefore become an 

important research area in industrial automation. Traditional 

activity recognition systems generally rely on supervised 

learning techniques that require large labeled datasets for 

training. Preparing labeled datasets for industrial activities is 

expensive. 

 

To address these limitations, this research focuses on 

unsupervised learning methods for activity recognition in 

industrial disassembly environments. The proposed framework 

utilizes Variational Autoencoders to learn latent representations 

from unlabeled videos and Hidden Markov Models to identify 

temporal activity states. The objective is to develop an 

intelligent framework capable of recognizing human activities 

without heavy dependence on labeled data. 

 

  

2. LITERATURE REVIEW:  
  
Human activity recognition has gained significant attention in 

recent years in areas such as computer vision, machine learning 

and industrial automation. Earlier research mainly focused on 

traditional machine learning techniques where handcrafted 

features were extracted manually from video sequences. 

Algorithms such as Support Vector Machine (SVM), K-Nearest 

Neighbors (KNN) and Decision Trees were commonly used for 

recognizing human activities [4]. These methods mainly relied 

on motion information, body posture and object interaction 

features. Although these approaches produced reasonable 

results in controlled environments, their performance was not 

very effective in complex industrial situations where activities 

continuously change. 

Later, with the growth of deep learning technologies, researchers 

started using Convolutional Neural Networks (CNNs) and 

Recurrent Neural Networks (RNNs) for activity recognition 

tasks [5][6]. CNN models became useful for extracting spatial 

features automatically from video frames, while RNN and 

LSTM networks helped in understanding sequential and 

temporal relationships between activities [7]. Compared to 

traditional methods, deep learning approaches improved 

recognition accuracy and reduced the need for manual feature 

engineering. 

Even though deep learning methods achieved better 

performance, most of these approaches depended heavily on 

supervised learning techniques. In industrial environments, 

collecting and labeling large amounts of activity data is difficult, 

expensive and time consuming. Because of these limitations, 

recent research has started focusing more on unsupervised and 

self-supervised learning methods for activity recognition [8]. 

These approaches are capable of learning activity patterns 

directly from unlabeled data with less human effort. 

Variational Autoencoders (VAE) have shown promising results 

in learning compressed latent representations from unlabeled 

video data [1]. Similarly, Hidden Markov Models (HMM) are 

widely used for sequential activity modeling and recognizing 

transitions between different activity states [2]. Some 

researchers have also combined deep learning models with 

probabilistic sequence modeling techniques to improve activity 

recognition performance in industrial environments [3]. 

Recent studies have further explored hybrid models that 

combine deep learning, clustering and temporal modeling 

approaches for continuous activity understanding [9]. 

Researchers have also investigated the use of sensor fusion, 

motion tracking and industrial video analysis techniques for 

improving activity recognition systems [10]. However, many 

existing systems still face problems related to scalability, 

computational complexity and adaptability to real industrial 

environments. Another major challenge observed in previous 

studies is the dependency on large annotated datasets, which are 

difficult to prepare in manufacturing industries. Therefore, 

unsupervised learning approaches are becoming more important 

because they provide a practical solution for learning useful 

activity patterns from unlabeled industrial video data. 

Although considerable progress has been achieved in the field 

of activity recognition, challenges such as real-time 

implementation, reliable activity segmentation and adaptability 

to different industrial workstations still remain open research 

problems. The proposed framework attempts to address these 

issues using an efficient unsupervised learning architecture 

suitable for industrial disassembly environments. 

   

  

3.PROPOSED SYSTEM:  
 

3.1 System description:  

 

The proposed system is an intelligent unsupervised human 

activity recognition framework designed for industrial 

disassembly environments. The framework mainly focuses on 

recognizing and analyzing human activities from video 

sequences during disassembly operations. The developed 

system is intended to support human-robot collaboration by 

enabling robots to understand worker activities accurately and 

efficiently without relying heavily on manually labeled datasets. 

The proposed framework uses advanced deep learning and 

probabilistic modeling techniques to recognize sequential 

human actions from industrial video data. The system combines 

a Variational Autoencoder (VAE) for unsupervised feature 

representation learning and a Hidden Markov Model (HMM) for 

temporal activity segmentation and classification. The 

Variational Autoencoder learns meaningful latent features 
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directly from unlabeled video frames, while the Hidden Markov 

Model identifies activity state transitions and recognizes 

sequential disassembly actions. 

The framework processes activity videos through a structured 

workflow beginning from video acquisition and preprocessing 

to feature extraction, latent representation learning and activity 

recognition. The preprocessing stage standardizes video frames 

by performing resizing, normalization and noise reduction 

operations to improve recognition performance. The extracted 

latent features are then analyzed using probabilistic sequence 

modeling to recognize activities such as screw removal, tool 

handling, component separation and inspection tasks commonly 

performed during hard disk drive disassembly. 

The proposed system is designed to reduce dependency on 

supervised learning methods that require extensive manual 

annotation. By learning directly from unlabeled video data, the 

framework provides a scalable and cost-effective solution for 

industrial environments where preparing labeled datasets is 

difficult and time consuming. The recognized activities can 

further assist collaborative robotic systems in understanding 

worker behavior and improving coordination during industrial 

operations. 

The framework also aims to improve adaptability and efficiency 

in smart manufacturing environments. The proposed system can 

be extended for real-time industrial deployment where robots 

continuously observe worker activities and provide intelligent 

assistance during disassembly operations. The developed 

framework contributes toward the advancement of Industry 4.0 

and intelligent automation technologies. 

   

3.2 Functional Modules:  

  

1. Video Input Module 

 

This module is responsible for collecting industrial activity 

videos from cameras installed near the disassembly workstation. 

The module captures human activities performed during 

electronic product disassembly processes. It supports common 

video formats and ensures that the captured video data is suitable 

for further processing and analysis. 

 

2. Video Preprocessing Module 

 

The preprocessing module improves the quality and consistency 

of input video frames before feature extraction. Since industrial 

videos may contain variations in lighting conditions, 

background noise and camera angles, preprocessing is necessary 

to standardize the data. This module performs frame extraction, 

resizing, normalization and noise reduction operations. The 

preprocessing stage helps improve the efficiency and accuracy 

of activity recognition. 

 

3. Feature Representation Learning Module 

 

This module is the core component of the proposed framework 

where unsupervised feature learning is performed using a 

Variational Autoencoder (VAE). The VAE automatically learns 

meaningful latent representations from unlabeled video frames 

without requiring manual feature engineering. The encoder 

network compresses video frames into low-dimensional feature 

vectors, while the decoder reconstructs the original frames. The 

learned latent representations capture important spatial and 

motion-related information associated with human activities. 

 

 

4. Activity Segmentation Module 

 

This module uses the Hidden Markov Model (HMM) to analyze 

sequential activity patterns and divide continuous disassembly 

operations into multiple activity states. The HMM models 

temporal dependencies between actions and identifies 

transitions occurring during disassembly tasks. This module 

helps recognize the order and duration of industrial activities 

more accurately. 

 

5. Activity Recognition Module 

 

The activity recognition module classifies disassembly activities 

based on the latent features and temporal patterns generated by 

previous modules. The framework recognizes industrial actions 

such as tool picking, screw removal, component separation and 

inspection processes. The recognized activity labels are 

generated automatically without depending heavily on manually 

annotated training data. 

 

6. Performance Evaluation Module 

 

This module evaluates the effectiveness of the proposed 

framework using performance metrics such as accuracy, 

precision, recall and F1-score. The recognized activities are 

compared with ground truth activity labels for validation 

purposes. The evaluation module helps analyze recognition 

performance and system reliability. 

 

7. User Interface Module 

 

The user interface module provides a simple and interactive 

environment for monitoring activity recognition results. Users 

can upload industrial activity videos, observe recognized 

activities and analyze system outputs. The interface is designed 

to support future real-time deployment in industrial human-

robot collaborative systems. 

  

  

3.3. System Workflow  

  

The workflow of the proposed unsupervised human activity 

recognition framework begins with capturing industrial 

disassembly activity videos using cameras installed near the 

workstation. The recorded videos contain sequential human 

actions such as tool handling, screw removal, component 

separation and inspection activities performed during hard disk 

drive disassembly. 

After video acquisition, the input videos are passed to the 

preprocessing stage. In this stage, video frames are extracted and 

standardized using operations such as resizing, normalization 

and noise reduction. The preprocessing stage improves the 

quality and consistency of input data, which helps increase 

recognition performance. 

The preprocessed video frames are then provided to the 

Variational Autoencoder (VAE). The encoder network 

compresses the input frames into low-dimensional latent feature 

vectors that contain important spatial and motion-related 
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information. The decoder reconstructs the original frames from 

the latent representations, allowing the model to learn 

meaningful activity features without requiring labeled training 

data. 

The extracted latent feature vectors are then passed to the 

Hidden Markov Model (HMM). The HMM analyzes temporal 

relationships between activities and identifies transitions 

between different activity states. This process helps divide 

continuous disassembly operations into meaningful sequential 

actions. 

After temporal modeling, the framework performs activity 

recognition and classification. The system identifies industrial 

activities such as screw removal, tool picking, component 

handling and inspection operations based on learned activity 

patterns. 

Finally, the recognized activity results are displayed through the 

user interface module. The system performance is evaluated 

using metrics such as accuracy, precision, recall and F1-score by 

comparing predicted activities with ground truth labels. The 

complete workflow provides an efficient and scalable solution 

for intelligent industrial human-robot collaboration systems. 

  

.  

  

4. SYSTEM ARCHITECTURE  
 

The architecture of the proposed unsupervised human activity 

recognition framework is designed to recognize and analyze 

industrial disassembly activities using sensor data, deep learning 

techniques and probabilistic sequence modeling. The 

framework mainly focuses on extracting meaningful activity 

patterns from industrial video sequences and identifying 

sequential human actions during disassembly operations. 

The system begins with the Sensor Data Input layer where 

activity-related data is collected using cameras, IMU sensors 

and edge devices installed near the industrial workstation. The 

collected video and sensor data are then provided to the feature 

extraction stage. In this stage, important spatial and motion-

related information such as joint angles, movement patterns and 

video frame features are extracted from the input data. 

After feature extraction, the data is processed using 

Convolutional Neural Networks (CNNs) for learning important 

visual representations from activity frames. The extracted 

features are then forwarded to the temporal modeling stage 

where Long Short-Term Memory (LSTM) networks are used for 

analyzing sequential activity dependencies over time. The 

temporal modeling stage helps the framework understand 

continuous industrial activities and worker motion behavior. 

The architecture also includes an unsupervised learning module 

consisting of temporal clustering, sequence modeling and latent 

representation learning components. Clustering methods such as 

K-Means and Gaussian Mixture Models (GMM) are used to 

group similar activity patterns. Hidden Markov Models (HMM) 

and Recurrent Neural Networks (RNN) are used for sequence 

modeling and activity state transition analysis. Autoencoders 

and Variational Autoencoders (VAE) are applied for latent 

representation learning from unlabeled activity data. 

Finally, the recognized activities are mapped into industrial 

disassembly operations such as component grasping, placement 

and module removal tasks. The recognized activities assist 

human-robot collaboration systems in understanding worker 

actions and improving coordination during industrial operations. 

The framework also includes a feedback and refinement 

mechanism that continuously improves activity recognition 

performance using previously learned activity patterns. 

  

  

  
  

Fig 4.1 System Architecture  

  

 

1. Sensor Data Input Layer 

 

This layer is responsible for collecting activity-related data from 

the industrial environment using cameras, IMU sensors and edge 

devices installed near the workstation. The cameras capture 

worker movements and disassembly operations in video form, 

while sensors record motion and positional information. The 

collected data acts as the primary input for the proposed 

framework and helps monitor industrial activities continuously 

during disassembly tasks. 

 

2.Feature Extraction Layer 

 

The feature extraction layer processes the collected raw video 

and sensor data to identify important activity-related 

information. Features such as hand movement, body posture, 

tool usage, motion patterns and object interaction are extracted 

from video frames. This layer helps remove unnecessary 

information and provides meaningful activity features that 

improve the learning and recognition capability of the 

framework. 

 

 

3. Convolutional Neural Network (CNN) Layer 

 

The CNN layer is used for automatic visual feature learning from 

industrial video frames. It analyzes spatial information and 

identifies important visual patterns related to worker activities 

and disassembly operations. The CNN helps detect object 

positions, movement structures and interaction patterns between 

workers and tools. This layer reduces the need for manual feature 

engineering and improves recognition performance. 

 

4. Temporal Modeling Layer (LSTM) 

The Long Short-Term Memory (LSTM) layer is responsible for 

analyzing sequential activity behavior over time. Since industrial 

https://ijsrem.com/
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disassembly tasks involve continuous and ordered operations, 

the LSTM helps the framework understand the relationship 

between consecutive actions. It recognizes activity sequences 

such as tool picking, screw removal and component separation 

by learning temporal dependencies between activities. 

 

5. Unsupervised Learning Layer 

 

This layer performs activity learning without depending heavily 

on manually labeled datasets. It uses unsupervised learning 

techniques such as clustering and sequence modeling to identify 

hidden activity patterns directly from industrial video sequences. 

The layer improves scalability of the framework and reduces the 

time and effort required for manual activity annotation in 

industrial environments. 

 

6. Latent Representation Learning Layer 

 

The latent representation learning layer uses Autoencoders and 

Variational Autoencoders (VAE) to generate compressed feature 

representations from unlabeled industrial video data. These 

latent features contain important information related to worker 

motion, hand movement and activity behavior. This layer helps 

the framework learn complex activity patterns efficiently while 

reducing the dimensionality of input data. 

 

7. Activity Recognition and Mapping Layer 

 

This layer identifies industrial disassembly activities based on 

learned activity patterns and temporal relationships. Activities 

such as grasping components, placing objects, removing screws 

and module separation are recognized and mapped into 

meaningful industrial operations. The recognized activity 

information can be further used for monitoring worker 

performance and improving industrial process efficiency. 

 

8. Human-Robot Collaboration and Feedback Layer 

 

This layer allows collaborative robotic systems to understand 

worker activities and provide intelligent support during 

disassembly operations. The recognized activity information 

helps robots coordinate safely and efficiently with workers in 

real time. The feedback mechanism also continuously improves 

recognition performance by refining activity predictions based 

on previously learned patterns and industrial task behavior. 

  

4.1 DFD  Diagram:  

  

4.1.1 Level 0 DFD:  

  

  
  

Fig 4.2 Level 0 Data Flow Diagram  

  

The Level 0 DFD represents the overall workflow of the 

proposed Unsupervised Human Activity Recognition system for 

disassembly tasks. The process starts with the human worker 

performing industrial disassembly operations, where raw 

disassembly video data is captured as the input to the system. 

The collected video data is provided to the Unsupervised HAR 

Learning System, which automatically learns and recognizes 

human activity patterns from the industrial video sequences. The 

recognized activities are validated using Ground Truth Labels to 

evaluate system accuracy and performance. The processed 

validation data is then supplied to the Robotics Assistant system 

to support human-robot collaboration during industrial 

disassembly operations. This diagram mainly shows the 

interaction between the worker, activity recognition system, 

validation process and robotic assistance system in a simplified 

form. 

  

4.1.2 Level 1 DFD:  

  

  
  

Fig 4.3 Level 1 Data Flow Diagram  

  

The Level 1 DFD represents the detailed workflow of the 

proposed Unsupervised Human Activity Recognition 

framework for disassembly tasks. The process begins with video 

preprocessing and feature extraction from industrial activity 

videos captured during disassembly operations performed by the 

human worker. The extracted visual features are stored in the 

video feature database and provided to the Variational 

Autoencoder (VAE) for representation learning. The VAE learns 

compressed latent representations from the activity data and 

forwards the learned features for activity sequence classification 

and temporal activity state analysis. The Hidden Markov Model 

(HMM) is then used to identify sequential activity states and 

recognize continuous industrial actions. The recognized activity 

sequences are validated using ground truth data to measure 

recognition accuracy and system performance. Finally, the 

generated recognition activity sequence commands are provided 

to the robotic assistant system to support intelligent human-

robot collaboration during industrial disassembly operations. 

  

5. METHODOLOGY  
 

The proposed framework follows a systematic methodology for 

recognizing human activities during industrial disassembly 

tasks using unsupervised learning techniques. The methodology 

is designed to reduce dependency on manually labeled datasets 

while improving activity recognition performance in industrial 

environments. 

https://ijsrem.com/


          
       International Journal of Scientific Research in Engineering and Management (IJSREM) 

                       Volume: 10 Issue: 05 | May - 2026                            SJIF Rating: 8.659                                       ISSN: 2582-3930                                                                                                                                               

 

© 2026, IJSREM      | https://ijsrem.com                                 DOI: 10.55041/IJSREM64238                                           |        Page 6 
 

The first stage of the methodology involves data collection and 

video acquisition. Industrial activity videos are collected from 

disassembly workstations where workers perform hard disk 

drive dismantling operations. The recorded videos contain 

sequential human activities such as tool handling, screw 

removal, component separation and inspection processes. These 

activity videos are used as the input dataset for the proposed 

framework. 

The second stage is video preprocessing and frame extraction. 

Since industrial video data may contain variations in 

illumination, background conditions and camera angles, 

preprocessing is necessary to improve data quality and 

consistency. In this stage, videos are divided into frames and 

preprocessing operations such as resizing, normalization and 

noise reduction are applied. The preprocessing stage helps 

improve feature learning and recognition accuracy. 

The third stage involves unsupervised feature representation 

learning using the Variational Autoencoder (VAE). The encoder 

network compresses high-dimensional video frames into low-

dimensional latent feature vectors that capture important spatial 

and motion-related activity information. The decoder 

reconstructs the original frames from the latent representations. 

Through this reconstruction process, the VAE learns meaningful 

activity features automatically without relying on labeled 

training data. 

The fourth stage focuses on temporal activity modeling using 

the Hidden Markov Model (HMM). The extracted latent feature 

vectors generated by the VAE are provided as input to the HMM. 

The Hidden Markov Model analyzes sequential activity patterns 

and identifies transitions between different activity states. This 

stage helps divide continuous disassembly operations into 

meaningful action sequences and improves recognition of 

temporal activity dependencies. 

The final stage is activity classification and performance 

evaluation. The framework recognizes industrial activities such 

as screw removal, component handling and inspection 

operations based on learned temporal patterns. The performance 

of the proposed system is evaluated using metrics such as 

accuracy, precision, recall and F1-score. The predicted activities 

are compared with ground truth labels to measure the 

effectiveness and reliability of the proposed framework in 

industrial human-robot collaboration environments. 

   

  

6. IMPLEMENATION  
 

The proposed unsupervised human activity recognition 

framework is implemented using Python programming 

language along with deep learning and computer vision 

libraries. The complete system is developed in a modular 

manner so that each stage of the framework can be processed 

efficiently. Libraries such as TensorFlow, Keras and OpenCV 

are used for video processing, feature learning and activity 

recognition tasks. The implementation mainly focuses on 

recognizing industrial disassembly activities from video 

sequences without depending heavily on manually labeled data. 

The implementation process begins with industrial video data 

collection. Activity videos are recorded from disassembly 

workstations where workers perform hard disk drive 

dismantling operations. These videos contain multiple 

sequential activities such as tool handling, screw removal, 

component separation and inspection processes. The collected 

videos are stored and organized properly for preprocessing and 

training purposes. Different video samples are captured under 

varying environmental conditions to improve the robustness of 

the framework. 

In the preprocessing stage, the recorded videos are divided into 

image frames using OpenCV libraries. The extracted frames are 

resized into fixed dimensions and normalized to maintain 

consistency throughout the dataset. Noise reduction and frame 

enhancement operations are also performed to improve video 

quality. Proper preprocessing helps improve feature extraction 

performance and reduces unnecessary variations caused by 

lighting conditions or camera movement. 

After preprocessing, the Variational Autoencoder (VAE) model 

is implemented for unsupervised feature representation learning. 

The encoder network converts input video frames into 

compressed latent feature vectors, while the decoder 

reconstructs the original frames from these latent 

representations. The VAE model is trained using unlabeled 

industrial video data so that it can automatically learn important 

activity-related features without manual annotation. During 

training, reconstruction loss and latent distribution 

regularization are used to optimize model performance. 

The latent feature vectors generated by the VAE are then 

provided to the Hidden Markov Model (HMM) for temporal 

activity modeling. The HMM analyzes sequential activity 

patterns and identifies transitions between different disassembly 

states. Since industrial tasks generally follow continuous step-

by-step operations, the HMM effectively captures temporal 

dependencies between activities and improves activity 

segmentation accuracy. 

After temporal modeling, the framework performs activity 

recognition and classification based on learned activity patterns. 

The system identifies industrial actions such as screw removal, 

component handling and tool usage operations. The recognized 

activities are compared with actual activity labels to evaluate 

framework performance. Metrics such as accuracy, precision, 

recall and F1-score are used for evaluation purposes. 

The developed framework is tested using hard disk drive 

disassembly activity videos collected from industrial-like 

environments. Experimental results demonstrate that the 

framework performs efficiently in recognizing sequential 

industrial activities while reducing dependency on labeled 

training data. The implementation also shows that combining 

unsupervised feature learning with probabilistic sequence 

modeling provides better scalability and adaptability for future 

human-robot collaboration systems in smart manufacturing 

environments. 

  

  

7. RESULTS AND DISCUSSION  
 

The proposed unsupervised human activity recognition 

framework was evaluated using industrial disassembly activity 

videos involving hard disk drive dismantling operations. The 

framework was tested on multiple sequential activities such as 

tool handling, screw removal, component separation and 

inspection processes. Experimental analysis was carried out to 

evaluate the effectiveness of the proposed system in recognizing 

industrial activities from unlabeled video data. 

https://ijsrem.com/
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The Variational Autoencoder (VAE) successfully learned 

meaningful latent feature representations from industrial video 

sequences without requiring manually labeled datasets. The 

generated latent vectors contained important spatial and motion-

related information associated with worker activities. The 

Hidden Markov Model (HMM) effectively analyzed temporal 

activity transitions and segmented continuous disassembly 

operations into meaningful activity states. The combination of 

VAE and HMM improved the ability of the framework to 

recognize sequential industrial activities accurately. 

The proposed framework achieved an average activity 

recognition accuracy of approximately 91.52%, which was 

higher compared to several conventional machine learning 

approaches used for industrial activity recognition. The 

preprocessing stage helped improve consistency in video data, 

which positively affected feature extraction and overall 

recognition performance. The framework also demonstrated 

stable recognition performance during continuous industrial 

operations. 

Compared to supervised learning approaches, the proposed 

system significantly reduced dependency on manually labeled 

training data. This is an important advantage because preparing 

labeled industrial activity datasets requires extensive human 

effort and time. The developed framework provides a more 

scalable and cost-effective solution for industrial environments 

where large amounts of unlabeled video data are available. 

The experimental results also indicate that probabilistic 

temporal modeling using Hidden Markov Models improves 

activity segmentation and sequential action understanding. 

Industrial disassembly tasks generally involve ordered 

workflows, and the HMM effectively captured transitions 

between consecutive activities. This improved recognition 

stability during continuous operations and reduced 

misclassification between similar activities. 

The obtained results demonstrate that the proposed framework 

has strong potential for future implementation in industrial 

human-robot collaboration systems and smart manufacturing 

environments. Although the framework achieved reliable 

performance, recognition accuracy may decrease under poor 

lighting conditions or rapid worker movement. Future 

improvements involving advanced deep learning architectures 

and multimodal sensor integration may further improve 

recognition performance and real-time deployment capability. 

 

8. FUTURE WORK  
 

The proposed framework can be further improved by integrating 

advanced deep learning architectures such as transformer-based 

models and self-supervised learning techniques for better 

feature extraction and activity understanding. Future work may 

also include real-time deployment in industrial robotic systems 

for continuous human-robot collaboration. In addition, 

integrating multiple sensor inputs such as depth cameras and 

motion sensors can further improve recognition accuracy and 

system reliability in complex industrial environments. 

The framework can also be extended for recognizing activities 

in different industrial applications such as assembly lines, 

maintenance operations and warehouse automation systems. 

Further improvements in activity segmentation and adaptive 

learning methods may help the system perform efficiently under 

varying workstation conditions and worker behavior patterns. 

These advancements can contribute toward the development of 

more intelligent and fully automated smart manufacturing 

environments. 
  

  

9. CONCLUSION 

  
In this research work, an unsupervised human activity 

recognition framework for industrial disassembly tasks has been 

proposed using Variational Autoencoders (VAE) and Hidden 

Markov Models (HMM). The framework was developed to 

recognize sequential human activities from industrial video data 

without relying heavily on manually labeled datasets. The 

proposed system focuses on improving activity understanding in 

human-robot collaboration environments commonly found in 

remanufacturing industries. 

The Variational Autoencoder was used for learning meaningful 

latent feature representations from unlabeled video sequences, 

while the Hidden Markov Model was used for temporal activity 

segmentation and sequential activity recognition. The 

combination of deep representation learning and probabilistic 

temporal modeling improved the overall recognition 

performance of the framework. Experimental analysis 

demonstrated that the proposed system achieved reliable activity 

recognition accuracy during hard disk drive disassembly 

operations. 

The developed framework also reduced the dependency on 

supervised learning approaches, which generally require 

extensive manual data annotation and large labeled datasets. 

This makes the proposed system more scalable and practical for 

real industrial environments where collecting labeled activity 

data is difficult and time consuming. 

Overall, the proposed framework provides an effective solution 

for intelligent industrial activity recognition and has strong 

potential for future implementation in smart manufacturing and 

Industry 4.0 applications. The developed system can contribute 

toward improving productivity, automation and coordination in 

future human-robot collaborative industrial environments. 
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