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This study addresses Industry 5.0's demand for human-machine collaboration and manufacturing resilience by developing 

machine learning models for rapid fault identification and adaptive personnel scheduling. When a production-line fault 

occurs, the proposed approach uses IIoT data to identify the fault category quickly, support targeted intervention, and 

facilitate the restoration of normal production. XGBoost achieved near-perfect fault identification accuracy in model 

evaluation and accuracy and recall of 1.0 in validation, significantly outperforming the Random Forest baseline. Analysis 

revealed that experienced operators increased product qualification rates by 15% but reduced output by 10% due to physical 

factors. Decision tree regression minimized scheduling errors with an MSE of 0.49 and an R2 of 0.83. These results 

demonstrate that integrating IIoT-driven rapid fault identification with intelligent staffing provides a practical basis for 

shortening the response cycle, improving recovery capability after disruptions, and strengthening the resilience of human-

centric manufacturing systems. 
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1. Introduction

1.1. Research Background 

The evolution towards Industry 4.0/5.0 has heightened 

the importance of real-time fault detection in 

manufacturing [1]. Traditional statistical methods, though 

capable of identifying basic anomalies, often struggle with 

complex industrial data [2-3]. This limitation underscores 

the need for adaptive, data-driven approaches that integrate 

fault prediction with human-centric scheduling, a gap 

central to achieving responsive smart factories [4-5]. In this 
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context, fault identification should not be treated only as an 

accuracy-oriented classification task. Its practical value lies 

in helping managers recognize the fault type promptly after 

a disruption, organize targeted inspection and repair, and 

restore normal production with less operational 

interruption. This rapid recognition-response-recovery 

capability is an important component of manufacturing 

resilience. 

1.2. Literature Review 

Machine learning is increasingly applied in 

manufacturing for quality control, fault diagnosis, and 

predictive maintenance. Supervised methods such as SVM 
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and Random Forests are widely used for anomaly 

classification [6], while deep learning models like CNNs 

and autoencoders excel in complex defect detection [7-8]. 

Image-based deep learning further enhances prognostics 

accuracy [9]. 

XGBoost has become prominent for fault prediction due to 

its efficiency and interpretability, with applications in 

pipeline safety and system diagnostics [10-11]. Its feature 

importance analysis supports operational transparency 

[12]. Optimization algorithms like WOA improve model 

performance through hyperparameter tuning [13-14]. 

IIoT and big data ecosystems have advanced predictive 

maintenance [15-16], and model management platforms 

aid industrial ML deployment [17]. However, challenges 

remain, including model adaptability to dynamic processes 

[18], the handling of heterogeneous data, and the need for 

interpretability in human-machine collaboration [19]. A 

key unmet need is the integration of real-time fault 

identification with adaptive staffing and recovery-oriented 

decision support. Such an integration is essential not only 

for optimizing equipment and human resources but also for 

improving the ability of production lines to respond to 

disturbances and recover normal operations [20-21]. 

1.3. Manufacturing Resilience Significance 

Manufacturing resilience refers here to a production 

system's capacity to respond to faults, reduce operational 

disruption, and recover its normal operating state. The 

proposed framework is designed to support this capacity in 

two ways. First, rapid classification of the fault category 

provides a basis for directing maintenance resources 

toward the affected device rather than relying on broad 

manual inspection. Second, personnel scheduling can 

allocate suitable operators during recovery and subsequent 

operation. By connecting fault recognition, targeted 

response, and staffing adjustment, the framework supports 

a more continuous recovery process and improves the 

production line's ability to withstand operational 

disturbances. 

2. Model Establishment

2.1. Data feature analysis 

Data preprocessing and visualization were 

performed using Python libraries including Pandas, 

Matplotlib, and Seaborn. The production line fault data 
were cleaned and analyzed to identify nine primary fault 
types and their frequencies. As shown in Table 1, the 
material push device 1001 exhibited the highest fault 
count with 37,008 instances, followed by faults in the 
screw capping and filling devices. 

These failures primarily reflect issues in positioning 

systems, sensor detection, and operator execution, 

indicating the need for improved maintenance, 

system optimization, and operator training to 

enhance production stability. From a resilience 

perspective, high-frequency fault points should receive 

priority in inspection planning because rapid 

localization can help reduce disruption and support the 

recovery of normal production. 

Table 1. Failure frequency table 

2.2. Division of the test set and the training 
set 

The dataset comprises annual, daily, and basic data 

components, which were processed through the Jupyter 

Python interface. Using the train_test_split function from 

sklearn.model_ selection, the data were partitioned into 

training and test sets with a 70%:30% split ratio. 

Model performance was assessed using three key 

evaluation metrics: accuracy, recall, and the ROC curve. 

An imbalanced distribution between positive and 

negative samples was observed in the dependent variable, 

as illustrated in Figure 1. 
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Fault name frequency 

37008 
Material push device failure 

1001 

Material detection device 
failure 2001 

23254 

28062 

26371 

27020 

Fill device detection fault 

4001 

Fill device positioning fault 
4002 

Facking fault 4003 

Cover the device location fault 
5001 

25892 

34125 Cdevice cover fault 5002 

Screwing cover device 25962 
positioning fault 6001 

Wwing cover device twist 

cover fault 6002 
28998 
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Figure 1. Class distribution 

2.3. Model construction 

Six machine learning models were implemented to 

classify production line faults, including Logistic 

Regression, Random Forest, XGBoost, AdaBoost, 

Decision Tree, and GBDT. The dependent variables 

comprised specific fault categories such as material push 

device failure 1001 and material detection device failure 

2001. Independent variables encompassed operational 

states and numerical indicators related to material 

handling, filling, capping, and quality inspection, such as 

timestamp and material push cylinder status. 

All models achieved an AUC value of 1.00 on the ROC 

curve, indicating excellent classification performance on 

the given dataset, as shown in Figure 2. 

Features were extracted from the provided data, 

covering device type, fault occurrence time, fault 

duration, and other relevant attributes. 

Given that all six models performed strongly in 

preliminary evaluations, subsequent analysis focuses on 

comparing two representative algorithms: XGBoost and 

Random Forest. 

3. Testing, Application, and Analysis

3.1. Random Forest Model Evaluation 
As shown in Table 2, the Random Forest model 

achieved an accuracy of 93%, indicating its ability to 

correctly classify most samples. However, its recall was 

extremely low, approaching zero, leading to a 

correspondingly low F-score. This suggests that the model 

performed poorly in detecting positive cases, likely due to 

class imbalance within the dataset, scarcity of positive 

samples, or inherent limitations in identifying minority-

class instances. 

Table 2. Summary table of random forest 
assessment 

Inspection value 

ACC 0.93 

REC 0.00 

F-score 0.07 

Figure 2. ROC plot 

3.2. XGBoost Evaluation results 

Based on Table 3, the model achieves an accuracy and 

F-score both above 0.99, demonstrating its ability to

correctly classify nearly all samples and maintain a strong

balance between precision and recall. Furthermore, with

recall reaching 1.0, the model successfully identifies all

true positive samples without omission. These results

collectively indicate excellent performance in the

classification task, reflecting high accuracy and

comprehensive detection capability.

Table 3. Summary table of the XGBoost 
assessments 

Inspection value 

ACC 0.9999739845858672 

REC 1.0 
F-score 0.9998186927749071 
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Table 4 presents the model’s performance metrics for 

the binary classification task. As shown, precision, recall, 

and F1-score all achieve 1.00 for both class 0 and class 1, 
indicating perfect classification without any 

misidentification or omission. The overall accuracy also 

reaches 1.00, reflecting correct predictions across all 
samples. Furthermore, both macro-average and weighted-

average metrics attain optimal values, further confirming 
the model's outstanding classification capability. 

Table 4. XGBoost Classification detailed 
assessment table 

precision recall 
f1- 

score 
support 

0 1.00 1.00 1.00 142726 

1 1.00 1.00 1.00 11029 

accuracy 1.00 153755 

Macro 

avg 
1.00 1.00 1.00 153755 

Weighted 
avg 

1.00 1.00 1.00 153755 

3.3. Application and Validation of the Fault 
Alarm Model 

The XGBoost algorithm in Problem 1 is applied to 

model the data in Attachment 2. From Table 5, the 

accuracy rate (ACC) reaches a perfect 1.0, which means 

that the model can accurately identify the true categories 

of all the samples. Meanwhile, the recall rate (REC) is 

also 1.0, indicating that the model did not miss any 

samples belonging to the target category. The F-score, as 

the harmonic mean of precision and recall, also reached 

1.0, further validating the perfect performance of the 

model on the classification task. 

Table 5. Results of the XGBoost evaluation 

Inspection value 

ACC 1.0 

REC 1.0 
F-score 1.0 

This data clearly demonstrates the excellent 

performance of the model in the binary classification task. 

For categories 0 and 1, the model precision, recall and F1-

score were perfect 1.00. This means that the model neither 

misjudges nor misses when identifying samples in each 

category, showing extremely high accuracy and 

completeness. 

According to Table 6, the overall accuracy also reached 

1.00, further verifying the model's excellent classification 

ability across the entire dataset. Both the macro-average 

and weighted-average indicators demonstrate consistently 

high performance. 

From an operational perspective, the value of the model 

is not limited to classification accuracy. Once an alarm is 

triggered, the predicted fault code can be mapped to the 

corresponding device and failure type, allowing managers 

to narrow the inspection scope and initiate targeted 

maintenance more quickly. The resulting response process 

can be summarized as fault occurrence - rapid 

identification - targeted intervention - production 

recovery. In this study, the model provides the analytical 

foundation for the rapid-identification stage; the actual 

reduction in downtime should be quantified further in 

future on-site deployment. Nevertheless, embedding this 

stage into the production response workflow is important 

for manufacturing resilience because it supports the faster 

restoration of normal production after disruptions. 

Table 6. XGBoost Classification detailed evaluation 
Table 

precisio n recall f1-

score 

support 

0 1.00 1.00 1.00 11131 

1 1.00 1.00 1.00 11074 

accuracy 1.00 22205 

Macro avg 1.00 1.00 1.00 22205 

Weighted 
avg 

1.00 1.00 1.00 22205 

3.4. Temporal and Duration Analysis of 
Faults 

In order to analyze the total number of monthly failures 

and the longest and shortest duration, the monthly failure 

record data should be collected first, including the number 

of failure occurrences and the duration of each failure. 

The data are then organized to calculate the total number 

of failures in each month. Subsequently, the records with 

the longest and shortest durations are selected. These 

analysis results are organized in a table or chart to present 

the monthly fault situation visually, including fault 

frequency and duration. Figure 3 shows the total number 

of failures and the longest and shortest durations per 

month for fault number 1001 in M201. The total number 

of monthly failures of each unit and the longest and 

minimum durations are presented in the appendix. These 

temporal and duration indicators can also be used to 

identify fault points that require priority attention in 

resilience-oriented maintenance planning. 
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Figure 3. Bar graph of the fault characteristics 

3.5. Analysis of Work Tenure Influence 
Based on Kruskal-Wallis Test 

Data from ten production lines were integrated, 

encompassing metrics such as output, qualification rate, 

operator information, and fault records. The combined 

dataset was cleaned to remove errors and missing values, 

ensuring reliability for subsequent analysis. Data quality 

and sample sufficiency are crucial for result accuracy and 

statistical validity, laying a robust foundation for 

evaluating production performance. 

According to Table 7，the relationship between 

operator tenure and production outcomes including total 
output, total defects, average efficiency, and qualification 

rate was analyzed using the Kruskal–Wallis test, a 

nonparametric method suitable for non‑normally 

distributed data. Normality tests indicated significant 

departures from normality across all dependent variables, 

with p values below 0.05, justifying the use of 

nonparametric analysis. 

Table 7. Test of normality 

variable name P values 

Total production quantity 0.00 

percent of pass 0.00 

Average production efficiency 0.00 
Total unqualified quantity 0.00 

Given the non-normal distribution of the data, 

nonparametric analysis methods were employed. The 

Kruskal-Wallis test was selected as it is suitable for 

comparing median differences across three or more 

independent groups, aiding in understanding variations 

between different tenure levels and their impact on 

production indicators. 

As shown in Table 8, the p-values for total output, 

qualification rate, average production efficiency, and total 

defect quantity are all 0.00, below the 0.05 significance 

threshold. This indicates statistically significant 

differences across tenure groups in these production 

metrics. These findings are essential for interpreting how 

operator experience influences production performance 

and for informing personnel management strategies. 

Table 8. Results of the Kruskal-Wallis test 

Analysis items P values 

Total production quantity 0.00 

percent of pass 0.00 

Average production efficiency 0.00 
Total unqualified quantity 0.00 

Beyond its impact on the four key production variables, 

the relationship between operator tenure and other factors 

was further examined through correlation analysis. A 

heatmap was generated using Python’s visualization 

libraries to illustrate these associations. In multivariate 

settings, partial correlation coefficients were employed to 

better capture the direct relationships between variables, 

reducing confounding effects from other factors. 

Figure 4 and Figure 5 show that tenure is positively 

correlated with product failure rate, as well as with faults 

at filling device 4002 and screw cover device 6001. 

Conversely, tenure exhibits negative correlations with 

total output and several other fault points. 

Figure 4. Correlation of length of service and other 
variables 
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Figure 5. Heat map of length of service and other 
variables 

3.6. Personnel Scheduling Optimization 
Based on Decision Tree Regression 

Based on the significant tenure-based differences in 

production metrics and their distinct correlations with key 

fault points, personnel scheduling was optimized by 

maximizing the product of pass rate and output quantity. 

Multiple regression models, including linear regression, 

decision tree, random forest, support vector machine, and 

neural network, were trained using data from ten 

production lines and evaluated via MSE and R2. This 

staffing component complements rapid fault identification 

by supporting recovery arrangements after equipment 

disruptions and stable operation after production resumes. 

As can be seen from Table 9 and Figure 6, the decision 

tree regression model had the best performance, with the 

lowest MSE value, only 0.49 and the highest R2, reaching 

0.83. So the model effect was excellent, so the decision 

tree regression model was selected as the scheduling 

analysis model of this problem. 

Table 9. Fitting effects of each model 

MSE R2 

linear regression 2.61 0.07 

decision tree 0.49 0.83 

random forest 0.72 0.74 

support vector 
machine 

2.72 0.03 

neural network 48641.26 -17309.06

Figure 6. Evaluation results of each model 

Because using machine learning model can only get the 

final result, to observe the internal impact of the data, this 

paper use the SHAP model to observe the decision tree 

regression model, the size of the SHAP value is used to 

represent the influence of each variable on the model 

output, the positive value of the variable has a positive 

effect on the model output, the negative value has a 

negative effect. Results are shown in the Figure 7 and 

Figure 8. 

Figure 7. A plot for SHAP values 
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Figure 8. The Decision tree model affects the effect 

4. Conclusion and Outlook

This study confirms that XGBoost can accurately 

identify production-line fault categories on the available 

dataset, while decision tree regression effectively supports 

staffing optimization. More importantly, the proposed 

IIoT-based ML framework links fault occurrence with 

rapid identification, targeted intervention, and recovery-

oriented staffing. Its practical significance is not limited to 

improving classification accuracy or production 

efficiency: it also provides a decision-support basis for 

restoring normal production more quickly after faults and 

strengthening manufacturing resilience. The framework 

therefore aligns with Industry 5.0 principles by combining 

operational continuity with human-centric resource 

allocation. 

Future work should validate the framework in real-time 

production environments and quantify resilience-oriented 

indicators, including fault recognition time, maintenance 

response time, downtime, recovery time, and post-

recovery production stability. Integrating real-time IIoT 

data with digital twins and reinforcement learning may 

further improve adaptive scheduling and recovery 

decisions. 
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