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Abstract 

Continuous ergonomic monitoring in manufacturing remains challenging because conventional posture assessment methods rely on manual 

observation, making evaluations time-consuming, subjective, and unsuitable for continuous industrial applications. This study proposes an 

automated ergonomic risk assessment framework that integrates Media Pipe Pose with a Convolutional Neural Network (CNN) to classify 

worker postures into low-, medium-, and high-risk ergonomic categories. The framework extracts 33 anatomical body landmarks from 

RGB images and video frames to generate marker less posture representations for deep learning-based classification. A dataset consisting 

of 4,500 posture samples collected from assembly, packaging, and welding workstations was expanded to 12,000 samples through data 

augmentation techniques, including rotation, scaling, horizontal flipping, and brightness adjustment, to improve model robustness and 

generalization. The CNN model was trained and evaluated using an independent test dataset, achieving an overall classification accuracy 

of 94.2%, with precision, recall, and F1-score consistently exceeding 94% across all ergonomic risk categories. Comparative evaluation 

against a conventional REBA/RULA-based rule-driven assessment demonstrated that the proposed framework improved classification 

accuracy by 7.5 percentage points while eliminating the need for manual posture scoring and reducing observer subjectivity. Furthermore, 

computational performance analysis showed that the complete inference pipeline operated at an average of 14 ms per frame (approximately 

28.5 FPS) on a standard Intel Core i7 CPU with 16 GB RAM, without requiring GPU acceleration, indicating its suitability for real-time 

deployment in manufacturing environments. The proposed Media Pipe–CNN framework provides an efficient, accurate, and marker less 

solution for automated ergonomic risk assessment, supporting intelligent occupational safety management, continuous workplace 

monitoring, and the implementation of smart manufacturing systems aligned with Industry 4.0 initiatives. 
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1. Introduction 

The manufacturing industry is one of the major contributors to global economic growth by enhancing productivity and improving  

production efficiency. However, manufacturing environments are also characterized by physically demanding tasks, including repetitive 

motions, manual material handling, forceful exertions, and prolonged non-neutral working postures. These occupational characteristics 

make manufacturing one of the sectors with the highest prevalence of work-related musculoskeletal disorders (MSDs) [1][2]. Beyond their 

adverse effects on workers' health and well-being, MSDs impose substantial economic burdens on organizations through increased 

absenteeism, reduced work capacity, higher healthcare and compensation costs, and decreased operational efficiency [3][4]. Consequently, 

the systematic identification and assessment of ergonomic risks have become essential for developing safer, healthier, and more sustainable 

workplaces. 

Work-related MSDs generally develop because of prolonged exposure to awkward working postures, sustained static activities, and 

repetitive movements [5][6]. Previous studies have consistently demonstrated that these ergonomic risk factors substantially increase the 

likelihood of musculoskeletal disorders, particularly among workers directly engaged in manufacturing operations [7][8]. Because these 

risk factors are intrinsically associated with workers' postural behavior, ergonomic assessment serves as a critical preventive strategy for 

identifying hazardous working conditions before they progress into more severe occupational health problems. 

Ergonomic risk assessment in manufacturing has traditionally been performed using observational techniques such as the Ovako Working 

Posture Analysis System (OWAS), Rapid Upper Limb Assessment (RULA), and Rapid Entire Body Assessment (REBA). These methods 

provide standardized procedures for evaluating work-related postures and identifying ergonomic hazards [9][10]. Nevertheless, their 

practical application depends on human observation, making labor-intensive evaluations susceptible to observer variability, and difficult 
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to perform continuously in dynamic production environments [11][12]. Consequently, posture assessments are commonly conducted at 

discrete inspection intervals, limiting their ability to capture continuous changes in workers' movements during manufacturing operations. 

The increasing availability of deep learning and computer vision technologies has accelerated the development of automated approaches 

for ergonomic assessment in industrial environments. Compared with conventional observational methods that rely heavily on manual 

evaluation, vision-based deep learning models can extract discriminative patterns from image sequences to identify worker postures more 

consistently and objectively [13][14]. Recent progress in human pose estimation (HPE) has further enabled the representation of worker 

movements through anatomical keypoints, providing a compact and informative description of body configurations for posture analysis 

[15][16]. By combining pose-based representations with deep learning algorithms, automated systems can evaluate ergonomic conditions 

based on observed body movements, reducing subjectivity in traditional assessment procedures and supporting real-time monitoring 

applications in manufacturing workplaces. 

Numerous studies have explored the application of computer vision and deep learning for human posture analysis across a wide range of 

domains, including medical rehabilitation, sports, human–computer interaction, and occupational safety [13]. Many of these studies employ 

pose estimation frameworks, such as OpenPose or MediaPipe, to extract skeletal body coordinates, which are subsequently used for posture 

classification through Convolutional Neural Networks (CNNs), Long Short-Term Memory (LSTM) networks, or other hybrid deep learning 

architectures [17][18]. Other studies have focused on developing computer vision-based ergonomic monitoring systems capable of 

automatically identifying high-risk postures without relying on manual measurements [19][20]. Collectively, these findings suggest that 

deep learning-based approaches can substantially improve the efficiency of ergonomic assessment by automating feature extraction and 

posture classification compared with conventional observational methods. 

Despite these advances, several important limitations remain. Most previous studies have primarily emphasized improving posture 

detection or pose estimation accuracy rather than classifying ergonomic risk levels according to established assessment frameworks, such 

as REBA or RULA [21][22]. Furthermore, many proposed models have been developed and validated using laboratory-based datasets 

collected under controlled lighting conditions, camera viewpoints, and predefined activities. Consequently, their ability to generalize to 

real-world manufacturing environments—where workers exhibit diverse postures, frequent visual occlusions, and highly dynamic task 

characteristics remains insufficiently investigated [23][24]. These limitations highlight the need for robust deep learning-based posture 

classification models that can be effectively integrated into ergonomic risk assessment systems for practical deployment in manufacturing 

settings. 

To address these research gaps, this study pursues three interconnected objectives. First, it develops a deep learning-based model for 

automated worker posture classification in manufacturing environments. Second, it evaluates the capability of the proposed framework to 

classify worker postures into distinct ergonomic risk categories. Finally, this study investigates the practical feasibility of implementing 

the proposed approach as an automated ergonomic assessment system to support objective, consistent, and continuous posture monitoring 

in dynamic production environments. 

This study contributes to the advancement of automated ergonomic assessment by proposing a deep learning framework that integrates 

worker posture classification with ergonomic risk evaluation within a unified architecture. Unlike existing approaches that primarily 

address human pose estimation or posture recognition as separate tasks, the proposed framework extends visual analysis toward risk-

oriented decision support by associating detected postures with predefined ergonomic risk categories. This integration reduces the gap 

between computer vision-based monitoring and practical workplace ergonomic assessment, enabling a more objective, consistent, and 

scalable evaluation process. The proposed framework also provides a foundation for the development of intelligent occupational safety 

systems that align with the requirements of emerging smart manufacturing environments. 

2. Methods 

This research presents a quantitative experimental investigation aimed at designing and validating an automated ergonomic assessment 

framework for industrial work environments. The proposed framework integrates MediaPipe Pose for markerless skeletal landmark 

extraction with a Convolutional Neural Network (CNN) model to categorize worker postures according to ergonomic risk levels. The pose 

estimation module provides compact anatomical representations by identifying key body landmarks, while the CNN model learns 

discriminative patterns from these representations to improve posture classification performance. Recent studies have highlighted the 

potential of combining human pose estimation and deep learning techniques for automated movement analysis and ergonomic monitoring 

[17,25]. Unlike conventional assessment methods that rely on predefined scoring rules, this framework employs a data-driven approach by 

learning posture characteristics directly from training samples, enabling automated and real-time ergonomic risk evaluation. 

The proposed methodology is structured into seven sequential phases that define the development and evaluation process of the ergonomic 

assessment framework. The procedure begins with data collection and preprocessing to prepare the input samples for subsequent analysis. 

MediaPipe Pose is then applied to extract body landmark features, which are used as inputs for CNN model construction. The developed 

model is subsequently trained and validated before undergoing performance evaluation using the defined assessment metrics. The final 

phase examines the implementation feasibility of the developed system within the target application environment. A detailed representation 

of the proposed methodological workflow is provided in Figure 1. 

 

 

Fig 1. Proposed MediaPipe–CNN framework for automated ergonomic risk assessment. 



 
170 International Journal of Engineering, Science and Information Technology, 6 (3), 2026, pp. 168-175 

 

 

The dataset was collected through video recording and image acquisition of workers performing routine tasks at manufacturing 

workstations located in the industrial areas of North Aceh and Lhokseumawe, Indonesia. The selected workstations represented assembly, 

packaging, and welding operations, encompassing diverse postural and biomechanical demands. To improve dataset representativeness, 

data were acquired under varying camera viewpoints, lighting conditions, camera-to-subject distances, and worker postures. All images 

were subsequently annotated according to the Rapid Entire Body Assessment (REBA) and Rapid Upper Limb Assessment (RULA) 

standards by trained ergonomics assessors, and the resulting annotations served as the ground-truth labels for model development. Prior to 

model training, the dataset underwent preprocessing, including the removal of low-quality images, image resizing and normalization, and 

data augmentation through rotation, translation, scaling, horizontal flipping, and brightness adjustment. Data augmentation was applied to 

improve sample diversity, reduce overfitting, and enhance model generalization under varying operational conditions, consistent with 

common practices in computer vision applications [26][27]. 

Media Pipe Pose was employed to extract postural features through markerless pose estimation by detecting 33 anatomical body landmarks 

from each video frame or static image. These landmarks were used to compute normalized coordinates and joint angles of the ankles, 

knees, hips, elbows, shoulders, trunk, and neck, which served as input features for the Convolutional Neural Network (CNN). The CNN 

learned spatial relationships among these posture features through convolutional layers, while fully connected layers generated probabilities 

for the predefined ergonomic risk categories. Unlike conventional rule-based approaches that depend on manually defined assessment 

criteria, the proposed data-driven framework automatically learned discriminative posture representations from annotated training data, 

improving the scalability and consistency of ergonomic risk classification [28][29][30]. 

Following the experimental design, the collected samples were organized into training, validation, and testing partitions to support model 

development and unbiased performance evaluation. The CNN classifier was trained using a supervised learning strategy with optimization 

performed through the Stochastic Gradient Descent (SGD) algorithm. Model configuration was refined by adjusting relevant 

hyperparameters, such as learning rate, batch size, training duration, and network structure, based on validation outcomes to achieve reliable 

generalization and minimize overfitting. The final model was assessed using unseen test data by analyzing the confusion matrix and 

calculating performance indicators, including accuracy, precision, recall, and F1-score [31][32]. Furthermore, the practicality of the 

proposed deep learning approach was examined by comparing its automated classification capability with established ergonomic evaluation 

techniques, including RULA and REBA-based assessments. 

The final stage evaluated the feasibility of deploying the proposed model as an automated ergonomic assessment system in manufacturing 

environments. The evaluation considered classification accuracy, inference time, computational resource requirements, and the potential 

integration of the model into camera-based monitoring systems on production lines. In addition, the practical implications of the proposed 

framework for improving ergonomic assessment, occupational health and safety, and smart manufacturing implementation were examined. 

3. Result and Discussion  

 The presentation of experimental outcomes is structured around three main aspects of this study. The first aspect focuses on the 

development of an integrated MediaPipe-CNN framework for worker posture classification, followed by an evaluation of its effectiveness 

in identifying ergonomic risk levels based on predefined assessment criteria. The second aspect analyzes the model performance using 

quantitative evaluation metrics, while the final aspect discusses its potential application as an automated ergonomic monitoring framework 

for industrial environments. By organizing the findings according to these themes, each research objective is systematically addressed. 

Furthermore, integrating experimental results with analytical interpretation provides deeper insights into model behavior and emphasizes 

the contribution of the proposed approach compared with existing studies. 

3.1. Development of the MediaPipe–CNN-Based Posture Classification Model 
The dataset consisted of 4,500 image samples extracted from video recordings obtained across three manufacturing workstations, namely 

assembly, packaging, and welding areas. Prior to model development, all samples were standardized into a resolution of 224 × 224 pixels. 

To improve model generalization and increase data variability, augmentation procedures including rotation (±15°), horizontal flipping, 

scaling, and brightness modification were applied, resulting in an expanded dataset of 12,000 samples. The resulting dataset was partitioned 

into training, validation, and testing sets with proportions of 80%, 10%, and 10%, respectively. Detailed characteristics of the dataset are 

presented in Table 1. 
Table 1. Characteristics of the experimental dataset. 

Workstation Original dataset Augmented dataset 

Assembly 1,500 4,000 

Packaging 1,500 4,000 

Welding 1,500 4,000 

Total 4,500 12,000 
 

MediaPipe Pose was employed to extract posture features by detecting 33 anatomical body landmarks from each image and video frame. 

Of the 12,000 processed samples, 11,628 (96.9%) achieved complete landmark detection, whereas 372 (3.1%) resulted in partial detections 

due to body occlusion, overlapping workers, or extreme camera viewpoints. The detected landmarks were represented as normalized three-

dimensional coordinates (x, y, z) and used as input features for CNN-based posture classification. Feature extraction required an average 

processing time of 14 ms per frame, providing an efficient representation for subsequent model training, validation, and testing. 

Following the feature extraction process, the generated posture representations served as the input for constructing the CNN classifier. 

Model optimization was conducted over 30 training epochs using the Adam optimizer configured with a learning rate of 0.001 and a batch 

size of 32. The training and validation performance trends across epochs are reported in Figure 2. 
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Fig 2. Training Curves (Loss and Accuracy) of the CNN Model for Work Posture Classification. 

 

Identification of three ergonomic risk classes (low, medium, and high) for working postures was performed by feeding extracted posture 

features into a CNN model. With the Adam optimizer, the model was trained for 30 epochs at a learning rate of 0.001 and a batch size of 

32. Of the total samples, 9,600 were allocated for training, 1,200 for validation, and the remaining 1,200 were reserved for independent 

testing. 

As shown in Figure 3, the developed model demonstrated steady optimization across 30 training epochs. The training and validation losses 

diminished from 1.12 to 0.08 and from 1.15 to 0.11, respectively. Meanwhile, the training accuracy experienced a sharp increase from 

18.6% to 98.1%, accompanied by a final validation accuracy of 96.8%. The minimal gap between these two performance metrics, 

highlighted by their convergence around epoch 26, confirms strong generalization capabilities. 

 

 

 

Fig 3. Training and validation loss and accuracy curves during CNN model training. 

 

The learning curves shown in Figure 3 demonstrate stable convergence throughout the training process. Over 30 epochs, the training loss 

decreased steadily from approximately 1.12 to 0.08, while the validation loss declined from about 1.15 to 0.11. During the same period, 

the training accuracy increased from approximately 18% to 98.1%, whereas the validation accuracy reached approximately 96.8%. The 

close agreement between the training and validation curves, together with their convergence near epoch 26, indicates stable optimization 

without evident signs of substantial overfitting. These results demonstrate that the proposed CNN model effectively learned discriminative 

posture representations while maintaining good generalization performance on previously unseen data. 

3.2. Performance Evaluation of the MediaPipe–CNN Model for Ergonomic Risk Classification 
For an unbiased performance assessment of the MediaPipe–CNN framework, 1,200 samples completely excluded from the training and 

validation phases were set aside as an independent test set. The framework's classification capacity regarding low, medium, and high 

ergonomic risk groups was scrutinized using metrics such as accuracy, precision, recall, and F1-score. Empirically, the model yielded a 

94.2% overall accuracy. Its macro-averaged precision (94.2%), recall (94.2%), and F1-score (94.1%) highlight an evenly distributed 

classification performance across all risk classes. These comprehensive outcomes are compiled in Table 2. 
 

Table 2. Performance evaluation of the proposed MediaPipe–CNN model on the independent test set. 

Actual / Predicted Low Medium  High 

Low 382 11  7 

Medium 16 366  18 

High 5 13  382 
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Figure 4 presents the normalized confusion matrix of the proposed MediaPipe–CNN model evaluated on the independent test set. Most 

predictions are concentrated along the main diagonal, indicating a high level of agreement between the predicted and actual ergonomic risk 

categories. Misclassifications occurred primarily within the medium-risk class, where predictions tended to overlap with the adjacent low- 
and high-risk categories. In contrast, confusion between the low- and high-risk classes was minimal, suggesting that the proposed model 

effectively distinguished between the two extreme ergonomic risk levels. These classification patterns are consistent with the overall 

accuracy of 94.2% reported in Table 2, demonstrating stable and balanced performance across all ergonomic risk categories. 

 
 

 

 

 
 

 

 

 
 

 

 

 

 

 

 

 

Fig 4. Normalized confusion matrix highlighting the ergonomic risk classification performance  

of the developed Media Pipe–CNN architecture 

 

Ultimately, the resulting data substantiate the efficacy of the MediaPipe–CNN system in delivering reliable and unbiased ergonomic risk 

classifications. This highlights its practical value for executing automated workplace assessments throughout the manufacturing sector. 

3.3. Potential Implementation of the Proposed Model for Automated Ergonomic Assessment 
The practical viability of the new framework was validated by contrasting its performance against a conventional, rule-driven ergonomic 

assessment mechanism tied to REBA/RULA criteria. In the rule-based setup, risk levels are calculated using established scoring logic 

applied to spatial body landmarks from MediaPipe Pose. Fair experimental constraints were enforced by evaluating both models on the 

same independent test set. 

As summarized in Table 4, the MediaPipe–CNN model outmatched the rule-based approach across all evaluation dimensions. The proposed 

model established a superior overall accuracy of 94.2%, beating the 86.7% baseline. This trend of enhanced performance was equally 

apparent across precision (94.3% vs. 86.2%), recall (94.1% vs. 85.9%), and F1-score (94.2% vs. 86.0%). Ultimately, these metrics indicate 

that the proposed framework delivers a more balanced and consistent classification across the three tiers of ergonomic risk. 

 

Table 4. Comparison of classification performance between the rule-based approach and the proposed MediaPipe–CNN framework. 

Method Accuracy (%) Precision (%) Recall (%) F1-score (%) 

Rule-based (REBA/RULA) 86.7 86.2 85.9 86.0 

Proposed MediaPipe–CNN 94.2 94.3 94.1 94.2 

 

The comparative performance of both approaches is further illustrated in Figure 5. Compared with the rule-based method, the proposed 

MediaPipe–CNN framework improved the overall classification accuracy by 7.5 percentage points, while increasing precision, recall, and 

F1-score by 8.1, 8.2, and 8.2 percentage points, respectively. These improvements suggest that the proposed model is more effective in 

learning complex spatial relationships among body landmarks extracted by MediaPipe Pose than manually defined ergonomic rules, 

resulting in more accurate and reliable ergonomic risk classification across different manufacturing tasks. 

 

Fig 5. Comparison of the classification accuracy between the rule-based approach and the proposed MediaPipe–CNN model. 

 

 

. 
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Figure 5 contrasts the classification accuracies delivered by the proposed MediaPipe–CNN framework and the standard rule-based baseline. 

The proposed model secured a 94.2% accuracy rate, surpassing the rule-based approach's 86.7% and establishing a clear 7.5 percentage 

point margin. Such a performance differential indicates that the deep learning framework is better equipped to interpret intricate spatial 

relationships within MediaPipe Pose coordinates than traditional thresholding rules. Consequently, the model offers robust ergonomic risk 

estimation across various manufacturing applications, demonstrating clear potential for integration into automated in-situ ergonomic 

assessment systems. 

To determine its viability for real-time workplace monitoring, the computational demands of the MediaPipe–CNN system were also 

evaluated. Benchmarking was performed using a standard desktop setup powered by an Intel Core i7 CPU and 16 GB of RAM, running 

entirely without GPU assistance. The combined pipeline (MediaPipe Pose extraction followed by CNN classification) required only 14 ms 

of execution time per frame, yielding a throughput of approximately 28.5 FPS. With a peak memory consumption of around 320 MB, the 

framework presents minimal computational overhead, making it highly feasible for deployment on standard corporate computing 

infrastructure. 

Table 5. Computational performance of the proposed MediaPipe–CNN framework. 

Parameter Result 

Inference time 14 ms/frame 

Processing speed 28.5 FPS 

Memory usage 320 MB 

Test platform Intel Core i7, 16 GB RAM 

GPU acceleration Not used 

 

The computational performance presented in the table demonstrates that the proposed framework can perform ergonomic risk classification 

with low computational overhead while maintaining real-time processing capability. The average inference time of 14 ms per frame enables 

continuous posture monitoring using standard RGB cameras without requiring GPU acceleration. Furthermore, the modest memory 

consumption indicates that the framework can operate efficiently on conventional desktop computers and may also be suitable for 

deployment on resource-constrained computing platforms following further validation. These characteristics support the practical 

applicability of the proposed framework for automated ergonomic assessment in manufacturing environments.  

Although the proposed framework demonstrated promising classification accuracy and computational efficiency, several limitations should 

be acknowledged before large-scale industrial deployment. Model performance may deteriorate under challenging operating conditions, 

such as severe body occlusion, non-uniform illumination, or the use of personal protective equipment that obscures key body landmarks. 

Future work should therefore investigate multi-view pose estimation techniques, lightweight deep learning architectures, and validation 

using larger and more diverse industrial datasets to further improve the robustness and generalizability of the proposed framework across 

a wider range of manufacturing environments. 

3.4. Discussion 
Empirical findings demonstrate that combining MediaPipe Pose with a Convolutional Neural Network (CNN) yields a highly precise yet 

computationally lightweight framework for assessing ergonomic risks in industrial workspaces. The efficacy of this approach stems from 

utilizing 33 distinct body landmarks to form a concise representation of human posture. This abstraction allows the network to isolate 

posture-specific features while disregarding disruptive visual noise like changing illumination, background clutter, and peripheral object 

textures. Furthermore, markerless pose tracking via landmark extraction has gained significant traction since it determines anatomical 

points and joint orientations without physical sensors, minimizing equipment costs and streamlining data collection relative to traditional 

marker-dependent motion capture [33,34]. Leveraging this landmark-centric data format enables the CNN to efficiently map spatial 

correlations between body segments that correspond directly to specific levels of ergonomic risk. 

Apart from the benefits of landmark-centric feature representation, the implemented preprocessing and data augmentation workflows 

played a crucial role in enhancing the proposed model's robustness. Incorporating diverse conditions such as altered body orientation, 

image rotation, illumination shifts, and scaling expanded the diversity of the training dataset, allowing the network to accurately identify 

worker postures across varying operational environments. Literature indicates that employing data augmentation strategies can effectively 

mitigate overfitting while bolstering the generalizability of deep neural architectures on unfamiliar datasets [35,36]. Such insights align 

with the empirical findings of this research, where the training and validation trajectories achieved smooth convergence with a minimal 

performance discrepancy, reflecting a stable learning process and strong generalization potential. 

Compared with conventional rule-based approaches for ergonomic assessment, the proposed MediaPipe-CNN model offers a more adaptive 

posture classification mechanism. Traditional methods, such as the REBA and RULA, determine ergonomic risk levels by evaluating body 

joint angles according to predefined posture thresholds and scoring rules [37,38]. In contrast, the CNN learns nonlinear relationships among 

body landmarks directly from the training data, allowing it to recognize more complex posture configurations without relying entirely on 

deterministic rules. This advantage explains the improved performance of the proposed model over rule-based approaches, particularly for 

work activities involving highly variable postures that are difficult to represent using fixed joint-angle thresholds. 

The confusion matrix showed that most misclassifications occurred between the medium- and high-risk categories, suggesting that 

transitional postures with similar body joint configurations, such as lifting and squat-to-stand movements, were more difficult to 

distinguish. Similar observations have been reported in human pose estimation studies, where geometric similarities among skeletal 

configurations increase classification ambiguity [39,40]. In addition, dynamic activities involve continuous changes in body posture, 

making temporal information beneficial for motion recognition [41,42]. Despite these challenges, the relatively low number of 

misclassifications demonstrates that the proposed model maintained reliable classification performance across different working 

conditions. 

From an implementation perspective, the proposed MediaPipe–CNN framework demonstrates sufficient computational efficiency for real-

time ergonomic assessment in manufacturing environments. Its low inference time enables real-time posture classification using a standard 

RGB camera without requiring high-performance computing hardware. This capability is consistent with the principles of edge computing, 

where data processing is performed close to the data source to reduce latency and improve system responsiveness [43,44]. Moreover, 

integrating the proposed framework with production monitoring systems could provide objective information on workers' postural 

conditions, supporting decision-making for occupational safety and health management within smart manufacturing environments [45,46]. 
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Notwithstanding the framework's acceptable performance, numerous avenues invite further research. A primary constraint is that the 

empirical testing drew from a limited sample of three manufacturing nodes operating under semi-ideal environmental constraints, which 

might restrict its generalizability to rugged industrial spaces. Furthermore, occlusion phenomena, multi-person tracking within the camera's 

line of sight, and non-standard viewing orientations were not explicitly incorporated into the current model pipeline. Integrating temporal 

dynamics represents a critical next step to enhance the classification of shifting gestures and continuous workflows. Lastly, broadening the 

experimental scope to encompass diverse commercial domains will offer a rigorous audit of the framework's dependability under varied 

field conditions. 

4. Conclusion  

An integrated deep learning framework utilizing MediaPipe Pose alongside a Convolutional Neural Network (CNN) has been engineered 

for automated workplace posture classification and ergonomic hazard evaluation. The model utilizes spatial body landmarks via markerless 

tracking to deliver a 94.2% overall accuracy, with its precision, recall, and F1-scores reliably exceeding 94% to surpass traditional rule-

based REBA/RULA methods. In terms of runtime efficiency, the system operates on a standard CPU framework at approximately 28.5 

FPS with a per-frame inference delay of just 14 ms, validating its capacity for GPU-free, real-time ergonomic monitoring. Ultimately, these 

findings showcase how fusing deep learning with markerless pose tracking enables highly precise and efficient ergonomic evaluations. 

Future iterations aim to augment the framework's robustness and applicability in smart manufacturing setups by introducing temporal 

modeling, diverse industrial datasets, and severe environmental noise like varying viewpoints, occluded subjects, or multiple personnel. 
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