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Abstract: Physical fatigue is a significant concern in repetitive production line operations, often 
contributing to musculoskeletal disorders (MSDs) and high absenteeism rates. This study focuses on 
a pharmaceutical packaging line where workers frequently develop MSDs due to the repetitive 
nature of their tasks. To address this issue, biometric data from smartwatches, including pulse rate, 
internal temperature, electrodermal activity, and movement patterns, were collected alongside 
demographic factors such as age and experience and occupational factors related to task demands, 
including physical load, and operational conditions such as production line location, day of the week, 
work shift, and timing within the shift. Principal Component Analysis was first applied to reduce the 
dataset’s dimensionality, extracting the most relevant features. Subsequently, fuzzy logic was 
employed to label the data into two and four levels of fatigue based on prior research. The resulting 
features and labels were then used as inputs for machine learning classification models to predict 
fatigue states. Our findings demonstrate that integrating wearable sensor data significantly enhances 
classification performance. In binary classification, the Random Forest model achieved an F1 score of 
0.935 with biometric data and 0.681 without it. For the four-level classification, incorporating 
biometric data improved the F1 score from 0.573 to 0.903, highlighting its importance in fatigue 
prediction. This study contributes by developing a generalized predictive fatigue model and 
establishing a foundation for a real-time fatigue alert system to enhance worker safety and 
productivity. 

Keywords: workplace fatigue; musculoskeletal disorders (MSDs); physiological monitoring; 
Machine learning classification; fuzzy logic; real-time alert system; human performance; Industry 5.0 
 

1. Introduction 

Industry 4.0 integrates advanced technologies such as the Internet of Things (IoT), artificial 
intelligence (AI), and robotics to enhance industrial automation and efficiency [1]. While these 
advancements have significantly improved production processes, human workers remain a crucial 
part of industrial systems [2]. However, traditional quality-focused approaches often overlook 
human factors such as worker fatigue and ergonomics [3]. Neglecting human factors has been linked 
to increased accidents, a higher risk of injuries, and potential quality issues in production [4]. To 
address these challenges, Industry 5.0 introduces a human-centered approach that blends human 
creativity with smart automation, emphasizing sustainability, worker well-being, and operational 
performance [5,6]. 

Physical fatigue is a widespread concern in industries involving repetitive tasks such as 
packaging, lifting, pushing, and assembly-line work [7]. Over time, fatigue contributes to exhaustion, 
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increased human errors, and workplace accidents [8]. It also impairs cognitive and motor functions, 
elevating the risk of incidents such as slips, falls, and injuries [9]. Prolonged exposure to fatigue not 
only affects worker performance but also leads to long-term health issues, including chronic fatigue 
syndrome (CFS), musculoskeletal disorders (MSDs), and weakened immune function [10,11]. 

The global prevalence of MSDs underscores the critical need for effective workplace prevention 
strategies. According to the World Health Organization, approximately 1.71 billion people 
worldwide are affected by MSDs, making them the leading contributor to disability globally [12]. 
Among these disorders, carpal tunnel syndrome (CTS), linked to repetitive hand movements, has 
been identified as a major occupational health concern [13]. In Colombia, MSDs have been a 
significant concern in occupational health. According to a study analyzing data from 2009 to 2013, 
88% of reported occupational diseases were MSDs [14]. Notably, women are disproportionately 
affected, with a prevalence ratio of eight-to-one compared to men [15]. The most impacted age group 
is 41 to 60 years, but an increasing number of cases have been reported among younger workers aged 
16 to 25 in recent years [15]. Studies have also identified that workers in the packaging area of 
pharmaceutical production lines are the most affected by ergonomic risk factors, with 69.8% of 
operators in the hand/wrist conditioning area reporting pain-related symptoms [16]. These findings 
underscore the urgent need for improved fatigue monitoring and prevention strategies. 

Despite its impact, fatigue assessment remains challenging due to its subjective nature, as it is 
influenced by individual health conditions, job demands, and personal circumstances [17]. 
Traditional subjective fatigue evaluation methods, such as self-reported questionnaires, are widely 
used but often suffer from bias and variability [18]. A more objective approach involves physiological 
measurements linked to the sympathetic nervous system (SNS), such as heart activity, blood 
parameters, and electrodermal responses, which provide quantifiable fatigue indicators [19]. Recent 
advances in wireless sensor technology have further enabled real-time, non-intrusive fatigue 
monitoring, offering a promising solution for industrial environments [20]. 

This study focuses on a pharmaceutical packaging area in a company in Colombia, where 
workers perform repetitive upper limb movements as part of their daily tasks. These movements 
involve short work cycles that require repeated muscle exertion, engaging muscle groups, bones, 
joints, tendons, ligaments, and nerves. Over time, this repetitive strain can lead to MSD-related 
complications. Expanding upon previous research [21,22], a simulation of industrial tasks in a fitness 
setup that primarily focused on subjective assessments, such as the Borg test [23], and objective 
measures, including biometric data, this study further incorporates demographic factors and 
occupational variables that contribute to physical fatigue [24] in a real-world domain. We analyzed 
demographic factors such as age and experience, task-related factors such as physical load measured 
by the number of drugs packed per box, and operational factors such as production line location, day 
of the week, work shift, and timing within the shift. Notably, temperature and other environmental 
conditions were not included in this study, as they remain relatively constant in this pharmaceutical 
production setting. By integrating biometric data with worker-related factors, this research aims to 
develop a comprehensive fatigue monitoring approach, ultimately enhancing worker safety, 
reducing MSD risks, and improving operational efficiency. 

The remainder of this paper is structured as follows. Section 2 describes the data collection 
campaign and the data analysis process, including principal component analysis (PCA) and fuzzy 
logic techniques before the machine learning (ML) classification algorithms. Section 3 presents the 
results for binary and four-level physical fatigue classification, followed by Section 4, which discusses 
these findings. Finally, Section 5 provides the conclusion of this study and outlines potential 
directions for future work. 

2. Materials and Methods 

This section is divided into two main parts. The first part describes the data collection campaign, 
including the types of data collected and the conditions under which they were obtained. The second 
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part outlines the methodology used to analyze the collected data, detailing the steps followed to 
develop a predictive model for physical fatigue. 

2.1. Data Collection Campaign 

The data collection campaign was conducted in a pharmaceutical company, where 
physiological, demographic and occupational data were gathered from operators working on the 
packaging line. Data collection took place during normal working conditions while operators 
performed their routine tasks of inspecting and packing pharmaceutical products into boxes. 

Prior to participation, all 43 operators (42 females, aged 19 to 53 years, mean age 32.2 years) 
provided informed consent, confirming that they did not have any injuries or medical conditions that 
would prevent them from carrying out their usual work. Participants were informed that they could 
withdraw from the study at any time without any consequences for their employment. No financial 
compensation was provided. The study was approved by the Ethics Committee of the Universidad 
de América (Colombia) and adhered to the ethical principles of the Declaration of Helsinki (Protocol 
No. 002-2024). 

Each participant wore an Empatica EmbracePlus smartwatch for 20 minutes at the beginning 
and end of their shift to capture biometric data relevant to physical fatigue analysis [21,22]. The 
smartwatch recorded pulse rate (bpm) to measure heart rate in beats per minute, skin temperature 
(°C) to monitor peripheral temperature changes, and electrodermal activity (EDA, μS) to assess 
autonomic nervous system activity and physiological arousal [21,22]. Additionally, movement-
related data included accelerometer readings (standard deviation of G-forces), representing 
movement intensity and variability, step count, and activity count, which quantified overall motion 
throughout the recording period. At the beginning of each trial, participants rated their perceived 
physical fatigue using the Borg Rating of Perceived Exertion (RPE) scale (6–20) [23]. 

In addition to biometric data, demographic and occupational factors were incorporated into the 
dataset to enhance the predictive model for physical fatigue [25]. The demographic factors included 
age and work experience in the packaging area. The occupational factors encompassed physical load, 
referring to the number of pharmaceutical products packed per box (1, 10, 100, or long trays), and 
operational conditions, which considered the moment or timing of data collection (specifically 
distinguishing between measurements taken at the beginning or at end of the work shift), the day of 
the week (Monday to Friday), the work shift (three 8-hour shifts: 06:30–14:30, 14:30–22:30, and 22:30–
06:30), and the production line location, where data were collected from four different scenarios: Plant 
4, Line 2; Plant 4, Line 3; Plant 4, Line 4; and Plant 8, all of which involved the same packaging activity. 

Once the dataset was collected, an initial baseline period at the start of each recording session 
was removed to eliminate artifacts related to device setup. The cleaned dataset was then prepared 
for further analysis, following the methodology outlined in the next section. 

2.2. Data Analysis Techniques 

This subsection describes the data analysis methods used to preprocess and analyze the collected 
dataset. The analysis framework consisted of three key steps: reducing dimensionality with PCA, 
labeling the data using fuzzy logic based on a previous study [26], and applying ML classification 
algorithms to develop a predictive model for physical fatigue. 

2.2.1. Principal Component Analysis for Feature Extraction 

PCA was first applied to reduce the dataset’s dimensionality while retaining the most significant 
features. PCA was conducted separately for biometric data and demographic and occupational 
factors, allowing for a structured and interpretable feature selection process. 

After extracting the Principal Components (PCs) from both internal (biometric data) and 
external (demographic and occupational factors) datasets, a Promax rotation with Kaiser 
Normalization was applied [26,27]. This approach was adopted to improve physical interpretability 
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by ensuring that the extracted components correspond to meaningful physiological and work-related 
variables while simplifying the data structure, reducing redundancy, and enhancing the clarity of 
factor loadings [26,27]. 

The transformed components were then used in the subsequent fuzzy logic classification step to 
assign fatigue levels before training the ML classification models. 

2.2.2. Fuzzy Logic-Based Data Labeling for Physical Fatigue Classification 

Fuzzy logic [28] was used to assign a degree of membership to each sample in the dataset for 
either the fatigue or non-fatigue groups, rather than making a strict binary classification. This 
approach provides a more flexible and realistic representation of physical fatigue levels. Based on 
previous work [26], the probability density functions (PDFs) and cumulative distribution functions 
(CDFs) for fatigue and non-fatigue states were derived from an earlier dataset [29], in which 
participants engaged in repetitive and monotonous tasks within a controlled fitness environment 
designed to simulate industrial work conditions [21,22]. These probability functions were used to 
compute fuzzy probability coefficients in the current dataset. 

To ensure consistency, the same normalization method used in the previous study was applied 
before implementing the fuzzy logic classifier. Specifically, Z-score normalization was used: 

𝑧𝑧  =
𝑥𝑥 − 𝜇𝜇
𝜎𝜎

= 1 (1) 

where x represents the raw data value, µ is the mean, and σ the standard deviation of the original 
dataset. The same µ and σ values from the previous dataset were applied to the new dataset to ensure 
scale consistency and allow the fuzzy classifier to correctly map the new data onto the pre-established 
fatigue and non-fatigue distributions. 

Once the data was normalized, we compute the fuzzy membership values for each sample xi 

using the pre-fitted PDF and CDF functions for the fatigue and non-fatigue states: 

𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹  =   � 𝑃𝑃𝑃𝑃𝐹𝐹𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓(𝑥𝑥)𝑑𝑑𝑑𝑑
𝑥𝑥

𝑥𝑥𝑖𝑖
= 1 − 𝐶𝐶𝐶𝐶𝐹𝐹𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓(𝑥𝑥𝑖𝑖) 

 𝑁𝑁𝑁𝑁𝑁𝑁 − 𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹  =   � 𝑃𝑃𝑃𝑃𝐹𝐹𝑛𝑛𝑛𝑛𝑛𝑛−𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓(𝑥𝑥)𝑑𝑑𝑑𝑑
𝑥𝑥

𝑥𝑥𝑖𝑖
= 1 − 𝐶𝐶𝐶𝐶𝐹𝐹𝑛𝑛𝑛𝑛𝑛𝑛−𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓(𝑥𝑥𝑖𝑖) 

 

(2) 

 

These membership values indicate how strongly each data point is associated with either the 
fatigue or non-fatigue group. For the final labeling, two classification approaches were implemented: 
binary classification and multiclass classification with four levels. In the binary approach, samples 
were assigned to fatigue or non-fatigue groups based on the crossover point of the membership 
functions. In contrast, the four-level classification introduced intermediate fatigue states, categorizing 
samples into pure non-fatigue, higher non-fatigue, higher fatigue, and pure fatigue states, based on 
their degree of belonging to each group. 

2.2.3. Machine Learning Classification Algorithms for Physical Fatigue Prediction 

After applying the preliminary analysis, we obtained a reduced dataset consisting of principal 
components derived from biometric data (internal factors) and demographic and occupational factors 
(external factors), along with the fatigue labels generated through fuzzy logic analysis. We then 
applied different ML classification algorithms for both binary and four-level fatigue classification to 
compare their performance. 

The analysis evaluated the F1 scores for each classifier and feature set (binary and four-class 
classification) following a 5-fold cross-validation process. The F1 score is a metric that balances 
precision and recall, making it particularly useful for handling imbalanced datasets. A higher F1 score 
indicates a better trade-off between correctly identifying fatigue cases while minimizing false 
positives and false negatives. Two feature configurations were tested: one using only external factors 
and another combining both external and internal factors. Based on insights from the literature 
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review on physical fatigue prediction using wearable devices in industrial settings, the selected 
classification algorithms included Random Forest (RF), Logistic Regression, Support Vector Machine 
(SVM), and K-Nearest Neighbors (KNN), all of which demonstrated competitive performance in 
fatigue detection [30–35]. 

3. Results 

This section presents the main findings, following the same sequence of the data analysis 
techniques described earlier. First, we outline the results of PCA, highlighting the extracted 
components from biometric, demographic, and occupational factors. Next, we present the fuzzy logic 
classification results, detailing the assigned fatigue levels based on the membership functions. 
Finally, we evaluate the performance of ML classification algorithms, comparing their effectiveness 
in predicting binary (two-level) and multiclass (four-level) physical fatigue states. The evaluation is 
conducted in two stages: first, using only external data (demographic and occupational factors), and 
then with a combined approach that integrates both external data and internal biometric signals to 
assess their impact on classification accuracy. 

3.1. PCA Results 

After extracting the PCs from both internal (biometric data) and external (demographic and 
occupational factors) datasets, the Promax rotation with Kaiser Normalization was applied to 
enhance interpretability. 
• For biometric data (internal factors) Table 1: 

o IPC1 (internal principal component 1) is associated with physiological responses, including 
EDA (0.703), pulse rate (0.711), and skin temperature (0.505). 

o IPC2 (internal principal component 2) captures motion-related factors, such as accelerometer 
(0.867), step count (0.918), and activity count (0.863). 

This analysis resulted in distinct components that grouped variables based on their underlying 
relationships, aligning with previously published findings [26,27]. 

Table 1. Principal component matrix with factor loadings for biometric data (internal factors). 

Variable Principal Component 
 1 2 

EDA 0.703  

Pulse rate 0.711  
Temperature 0.505  

Accelerometer  0.867 
Step count  0.918 

Activity count  0.863 
Factor loadings with an absolute value <0.5 are not indicated in the table. 

• For external factors (demographic and occupational data) Table 2: 
o EPC1 (external principal component 1) consists of work-related process factors, including 

shift (0.734), production line (0.929), and number of products (0.811), which influence 
workplace fatigue levels. 

o EPC2 (external principal component 2) represents personal attributes, specifically age (0.955) 
and experience (0.845). 

o EPC3 (external principal component 3) and EPC4 (external principal component 4) consist of 
single variables (day and moment of measurement, respectively) and were retained without 
considering their factor loadings. 

Table 2. Principal component matrix with factor loadings for demographic and occupational data (external 
factors). 
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Variable  Principal Component  
 1 2 3 4 

Moment    0.997 
Shift 0.734    

Production 
line 

0.929    

Day   0.968  
Number of 
products 

0.811    

Age  0.955   
Experience  0.845   

Factor loadings with an absolute value <0.5 are not indicated in the table. 

The original 13-dimensional feature set was effectively reduced to a 6-dimensional feature set, 
providing a more interpretable and manageable input for the ML algorithms. This dimensionality 
reduction facilitates a more efficient classification process while preserving the most relevant 
information for fatigue prediction [36]. Before proceeding with the ML algorithms, the next section 
applies fuzzy logic to assign fatigue labels, following the methodology established in previous work 
[26]. In that study, the physiological principal component (corresponding to IPC1 in our current 
analysis) was selected as the input for the fuzzy logic classifier, as it exhibited a clear classifying 
performance in distinguishing fatigue levels, as observed in the density plot analysis [26]. 

3.2. Fuzzy Logic-Based Label Classifier Results 

Following the methodology established in previous research [26], the physiological principal 
component (IPC1) was used as the input for the fuzzy logic classifier. The same normalization 
method from the previous study was applied to ensure consistency in data scaling (equation (1)). The 
fuzzy logic approach computed membership degrees for each sample (equation (2)), determining its 
probability of belonging to either the fatigue or non-fatigue category. Based on these probabilities, 
labels were assigned using binary classification (fatigue vs. non-fatigue) and four-level classification, 
where fatigue was categorized into progressive intensity levels. 

The first membership function plot (Figure 1(a)) illustrates the probability distribution for 
fatigue classification based on IPC1. A threshold was set at the intersection of the non-fatigue and 
fatigue states, enabling binary classification. The corresponding histogram (Figure 1(b)) shows the 
distribution of samples, indicating a higher frequency of non-fatigue cases compared to fatigue cases. 

  
(a) (b) 

Figure 1. Fuzzy logic-based labeling for binary classification. (a) Membership function for binary fatigue 
classification based on IPC1. (b) Histogram of physical fatigue label distribution for binary classification. 
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To enhance classification granularity, the second membership function plot (Figure 2(a)) 
introduces a four-level fatigue classification based on progressive membership values: Pure Non-
Fatigue, Higher Non-Fatigue, Higher Fatigue, and Pure Fatigue. The histogram of the four-class 
labels (Figure 2(b)) shows an imbalanced distribution of fatigue states, with a higher frequency of 
Higher Non-Fatigue cases compared to the other categories. This indicates that while the 
classification differentiates between subtle fatigue levels, the distribution of samples across the four 
categories is not uniform. 

  
(a) (b) 

Figure 2. Fuzzy logic-based labeling for four-level classification. (a) Membership function for four-level fatigue 
classification based on IPC1. (b) Histogram of physical fatigue label distribution for four-level classification. 

These labeled fatigue states serve as training targets for the next stage, where ML classification 
models will be implemented to predict physical fatigue. 

3.3. Machine Learning Classification Algorithms Results 

In this section, we present the results of ML classification algorithms applied to predict binary 
(fatigue vs. non-fatigue) and four-level physical fatigue states. The analysis was conducted using two 
feature configurations: one considering only external data, which consists of the principal 
components EPC1, EPC2, EPC3, and EPC4, and another integrating both external and internal data, 
incorporating IPC1 and IPC2 along with the external components. The results are structured into two 
subsections, each evaluating the impact of these feature sets on classification performance. To assess 
model effectiveness, the F1 score is reported, as it is particularly well-suited for this study given the 
imbalanced nature of the dataset. 

3.3.1. External Features 

The results for binary classification using only external features are presented in Table 3. The 
highest F1 score was achieved by RF with 0.681, followed KNN with 0.668, while SVM obtained 0.435, 
and Logistic Regression failed to provide a meaningful prediction with an F1 score of 0.0. 

Table 3. F1 scores for binary fatigue classification using external features. 

Algorithm F1 score 
RF 0.681 

KNN  0.668 
SVM 0.435 

Logistic Regression 0.0 
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For four-level classification, the results in Table 4 show that RF again outperformed the other 
models with an F1 score of 0.573, followed by KNN with 0.538, SVM with 0.442, and Logistic 
Regression with the lowest score of 0.261. 

Table 4. F1 scores for four-level fatigue classification using external features. 

Algorithm F1 score 
RF 0.573 

KNN  0.538 
SVM 0.442 

Logistic Regression 0.261 

In both binary and multi-class classification, RF consistently outperformed the other models, but 
its performance was still insufficient for reliable fatigue prediction. These results highlight the 
limitations of using only external features, reinforcing the necessity of incorporating internal 
principal components (IPC1 and IPC2) derived from biometric data to improve classification 
accuracy. 

3.3.2. External + Internal Features 

The inclusion of internal features derived from biometric data (IPC1 and IPC2) significantly 
improved classification performance across all models. 

For binary classification, the results presented in Table 5 show that RF achieved the highest F1 
score of 0.935, followed by SVM with 0.910, KNN with 0.900, and Logistic Regression with 0.883. 

Table 5. F1 scores for binary fatigue classification using external and internal features. 

Algorithm F1 score 
RF 0.935 

KNN  0.900 
SVM 0.910 

Logistic Regression 0.883 

For four-level classification, Table 6 presents the results, where RF again outperformed the other 
models with an F1 score of 0.903, followed by SVM (0.853), Logistic Regression (0.849), and KNN 
(0.842). 

Table 6. F1 scores for four-level fatigue classification using external and internal features. 

Algorithm F1 score 
RF 0.903 

KNN  0.842 
SVM 0.853 

Logistic Regression 0.849 

Additionally, analyzing the confusion matrix in multi-level classification allows for a deeper 
understanding of classification accuracy and potential misclassifications. In this case, RF, the best-
performing algorithm, achieved the following results (Figure 3): pure non-fatigue was correctly 
classified 94% of the time, with 5.7% misclassified as higher non-fatigue. Higher non-fatigue showed 
88% correct classification, with 7.1% misclassified as higher fatigue and 5.2 % as pure non-fatigue. 
Higher fatigue was correctly identified in 89% of cases, with 9.4% misclassified as higher non-fatigue 
and 1.6% pure fatigue. Pure fatigue achieved 92% accuracy, with only 7.8% misclassified as higher 
fatigue. The overall classification accuracy for the four-level classification was 90.8%. In the binary 
classification, the confusion matrix results yielded 95.2% accuracy. 
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Figure 3. Normalized confusion matrix for four-level fatigue classification using RF with external and internal 
features. 

4. Discussion 

The results of this study demonstrate the effectiveness of integrating wearable biometric data 
for physical fatigue classification. The Random Forest model, which exhibited the best performance, 
achieved an F1 score of 0.935 for binary classification when biometric data was included, compared 
to 0.681 without it. Similarly, in four-level classification, incorporating biometric data improved the 
F1 score from 0.573 to 0.903, underscoring the substantial impact of physiological signals on 
distinguishing fatigue levels. The confusion matrix analysis revealed that the four-level classification 
framework effectively differentiated between various fatigue intensities while minimizing 
misclassification errors. Notably, misclassified instances within the pure fatigue category remained 
within the adjacent fatigue state, meaning that even when errors occurred, the model still correctly 
identified the presence of fatigue rather than misclassifying it as a non-fatigue state. This distinction 
is particularly useful for fatigue alert systems in industrial environments, where the primary goal is 
to early detect fatigue and prevent hazardous situations. In industrial settings, unaddressed fatigue 
can lead to human errors, workplace accidents, and the development of work-related 
musculoskeletal disorders, making precise classification essential for worker safety and productivity. 

Compared to prior research [30–35] on physical fatigue classification, which we reviewed to 
select the machine learning algorithms, our model achieved a 0.935 F1-score and 95.2% accuracy in 
binary classification. This performance surpasses most of the reviewed studies. Only [31,32] reported 
higher classification accuracy, with 95.7% using Random Forest (RF) and 96.5% using Support Vector 
Machine (SVM), respectively. However, our study offers a key advantage, it also applied a four-level 
fatigue classification and achieved high performance, with an F1-score of 0.903, making it more 
applicable for early detection and intervention of fatigue in industrial environments. Unlike binary 
classification, the four-level approach provides a more detailed assessment of fatigue progression, 
allowing for proactive measures to be taken before fatigue reaches a critical state. 

The transferability of data from prior research in physical fatigue detection was successfully 
demonstrated. The fuzzy logic-based labeling method, originally developed in a controlled fitness 
setup [21,22], was effectively applied to new data from a real-world pharmaceutical production 
environment. This demonstrates that physiological data collected in a controlled setting can still yield 
meaningful classifications in industrial domains, reinforcing the adaptability of our approach. This 
finding paves the way for broader applications across various industrial sectors, where integrating 
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new datasets and expanding fatigue classification models could enhance the development of 
generalized, adaptive, and transferable fatigue prediction systems. 

Furthermore, our results highlight the significance of physiological data as a key differentiator 
in accurately identifying fatigue states. Future research should extend these efforts to mental fatigue 
models, incorporating physiological, occupational, and cognitive workload factors to create safer, 
more efficient workplaces and improve worker well-being and productivity. 

5. Conclusions 

We have successfully developed a physical fatigue classification model using data collected 
directly from an industrial environment, while also demonstrating the transferability of a previously 
developed fuzzy logic-based labeling method from a simulated controlled study. The methodology 
integrated Principal Component Analysis to reduce dimensionality and enhance dataset 
manageability, followed by the fuzzy logic classification model to generate fatigue labels before input 
into machine learning classification algorithms. Our findings show that Random Forest achieved the 
highest classification performance, particularly in four-level classification, which provides greater 
applicability for early fatigue detection compared to traditional binary models. Initially, the model 
was developed using only demographic and occupational factors, offering a generalized approach 
where only data related to the worker and work conditions were needed. However, performance 
remained suboptimal. Incorporating biometric data from wearable sensors significantly improved 
classification accuracy, enabling the development of a customized fatigue alert system. This system 
is particularly valuable in critical operational scenarios, including maintenance tasks, quality control 
inspections, process monitoring, and other repetitive, monotonous tasks, where workers operate 
independently on the shop floor. A key advantage of our AI-driven fatigue monitoring system is that 
it requires only a smartwatch, ensuring a non-intrusive and real-time fatigue assessment that does 
not disrupt workers’ tasks. Future work will focus on applying this model to additional industrial 
domains to enhance its generalizability, as well as adapting it for mental fatigue assessment, 
integrating cognitive workload factors alongside physiological and occupational data. These 
advancements will contribute to the development of intelligent fatigue management systems, 
ensuring safer and more efficient industrial workplaces. 
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Abbreviations 

The following abbreviations are used in this manuscript: 

AI Artificial Intelligence 
CDFs Cumulative Distribution Functions 
CFS Chronic Fatigue Syndrome 
CTS Carpal Tunnel Syndrome 
EDA Electrodermal Activity  
EPC1 External Principal Component 1 
EPC2 External Principal Component 2 
EPC3 External Principal Component 3 
EPC4 External Principal Component 4 
IoT Internet of Things 
IPC1 Internal Principal Component 1 
IPC2 Internal Principal Component 2 
KNN K-Nearest Neighbors 
LR Logistic Regression 
ML Machine Learning 
MSDs Musculoskeletal Disorders 
PCA Principal Component Analysis 
PDFs Probability Density Functions 
PCs Principal Components 
RF Random Forest 
RPE Rating of Perceived Exertion 
SVM Support Vector Machine 
SNS Sympathetic Nervous System 
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