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In the context of Industry 4.0, data-driven predictive intelligence is vital for enhancing operational 

efficiency, early fault detection, and condition-based maintenance in smart manufacturing systems. 

However, conventional machine learning models often struggle with suboptimal feature selection and lack 

adaptability to dynamic production environments. This study proposes a novel hybrid framework HGHH 

that integrates Histogram Gradient Boosting Classification (HGBC) and Light Gradient Boosting 

Classification (LGBC) with two advanced metaheuristic optimizers: Horse Herd Optimization (HHO) and 

the Slime Mold Algorithm (SMA) for intelligent hyperparameter tuning. Feature dimensionality is reduced 

using Fast Correlation-Based Filter (FAST) and Class Activation Mapping (CAM) to retain critical 

predictive signals while improving model interpretability. Applied to a real-world smart manufacturing 

dataset, the HGHH framework achieved an accuracy of 0.987, precision of 0.981, recall of 0.993, and 

F1-score of 0.991, demonstrating its effectiveness in early anomaly detection and real-time decision-

making. The model prioritizes high-impact features such as temperature variations and error metrics, 

ensuring robust performance, scalability, and resilience across diverse industrial settings. 

Povzetek: Opisana je študija prilagodljivosti klasičnih modelov v pametni proizvodnji. Predlagan je 

hibridni okvir HGHH, ki združi HGBC in LGBC z metahevristikama HHO in SMA za optimizacijo 

hiperparametrov ter FAST in CAM za izbiro značilk. Na realnem industrijskem naboru doseže visoko 

robustnost pri zgodnjem odkrivanju napak. 

 

1 Introduction 

1.1 Background 

The development of advanced manufacturing 

technologies led to the transformation of production 

environments from reactive to predictive [1]. Empowered 

by connected industrial systems, real-time sensors, and 

high-speed communication infrastructures like 6G, 

contemporary factories create a continuous flow of 

operating data in multiple directions, mechanical, 

environmental, and digital [2]. Such a dataspace provides 

the foundation for building predictive capabilities to 

achieve improved process stability, minimize downtime, 

and raise product quality [3]. Predictive approaches in 

smart manufacturing use dynamic operating signals to 

anticipate potential equipment disruptions, quality 

deviations, or inefficiencies in the use of resources [4]. 

Thermal response, mechanical vibration, power 

consumption, and real-time production parameters are 

monitored in a systematic way to detect pre-failure trends 

in system fault or degradation in system performance [5]. 

Trends in temporal relations and interdependencies in and 

between the data streams indicate pre-symptoms of 

impending problems, enabling timely correction and 

ongoing system optimization. 

 

The difficulty is in capturing and interpreting the 

high-dimensional, time-varying data and heterogeneous 

data from diverse sources [6]. This calls for high-quality  

procedures to convert raw data to meaningful 

representations that capture the present system status and 

future system behavior. The base of forecasting models, 

maintenance scheduling, and decision support systems 

relies on these representations. The predictive intelligence 

functions at this level surpass fault prediction to provide 

strategic guidance for adaptive scheduling, process 

optimization, and in-process quality assurance. 

Manufacturing systems that become more autonomous 

and data-driven rely on predictive methods as a crucial 

foundation for creating sustainable and efficient 

production systems that maintain resilience [7]. With the 

beginning of a fresh wave of industrial revolution, 

integrating information technology with manufacturing 

systems has accelerated considerably. Enterprises have 

increasingly large, intricate data sets, marked by volume, 

variety, and velocity [8]. The industrial big data has thus 

emerged as an essential catalyst for intelligent 

manufacturing in this background. The latter facilitates 

manufacturers in perceiving changes even in internal and 

external environments with greater precision and making 

better-informed decisions that lead to process 

optimization, cost savings, and increased operational 
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efficiency. The data revolution has given form to 

innovative business models such as mass customization 

[9] and precision marketing [10], showcasing its ability to 

contribute to social and economic development. Hence, 

big industrial data is an essential productive resource for 

promoting intelligent manufacturing. 

1.2 Related work 

Incorporating emerging technologies such as IoT, 5G, and 

cloud computing has contributed to the accelerated 

escalation of data within manufacturing systems, 

promoting dramatic changes to how operations are 

managed. Big Data Analytics (BDA) is essential in 

reshaping conventional manufacturing practices, 

influencing product designs, process optimization, and 

maintenance approaches. For instance, J. Wang, et.al [10] 

explain how BDA is changing the shape of manufacturing, 

highlighting the importance of both data-driven and 

model-driven approaches to maximize the potential of 

intelligent manufacturing systems. Industry 4.0, as well as 

Cyber-Physical Systems (CPS), takes the capability of 

smart manufacturing to the next level by offering an even 

more integrated, automated, and flexible way of 

production. Smart manufacturing, as stated by A. Barari 

et.al [11], relies on sophisticated digital technology, 

including augmented reality, blockchain, and big data 

analytics, to support immediate decisions and ensure 

maximum operational efficiency. The technology 

provides better data-driven insight and better integration 

of the physical and virtual worlds, leading to more 

responsive and intelligent manufacturing environments. In 

addition, W. Wang, et.al [12] also recommend an active 

strategy to maximize manufacturing assets allocation 

through performance forecasting with the help of live data. 

Their method integrates the use of cloud-edge 

coordination as well as advanced performance forecasting 

mechanisms to optimize scheduling and reduce power.  J. 

Lee et al. [14] point out the problem of integrating AI into 

manufacturing operations, including dependency on 

existing infrastructure and resistance from top 

management. They discuss the technical challenges of 

cybersecurity, data integrity, and data management, 

proposing decentralized solutions such as blockchain to 

enhance security. The research supports the move to fact-

based AI, to optimize system performance and achieve 

autonomous, flexible manufacturing systems that can 

produce high-quality products at reduced costs. The study 

emphasizes the imperative of better data integrity and 

stronger cybersecurity practices in AI-based 

manufacturing environments. Table 1 presents Summary 

of related works and comparsion of them with current 

methodology.

Table 1: Summary of related works and comparsion of them with current methodology 

Study Methodologies Used Dataset/Domain 
Reported 

Accuracy/F1 

Key 

Contributions 

Key Limitations 

Addressed 

Wang et al. 

[10] 

Big Data Analytics 

(BDA), model-driven 

+ data-driven 

General 

manufacturing 

analytics 

Not reported 
Integrated 

BDA 

No predictive 

modeling 

Barari et al. 

[11] 

AR, Blockchain, BDA 

for operational insight 
Smart factories Not reported 

Real-time 

insight 

No predictive 

optimization 

Wang et al. 

[12] 

Cloud-edge prediction 

model for scheduling 

Energy-aware 

manufacturing 

~93.7% 

(forecasting) 
Live prediction 

No feature 

interpretability 

Lee et al. 

[14] 

AI, blockchain, 

decentralized systems 

Industrial cyber-

physical systems 
Not reported Data security 

Not predictive-

focused 

This study 

HGBC + LGBC + 

HHO + SMA + FAST 

+ CAM 

Real-world smart 

manufacturing 

data 

0.991 F1-

score 

Integrated 

model, 

interpretability, 

high accuracy 

Real-time feature-

driven predictive 

intelligence with 

optimization 

 

1.2.1 Identified research gap 

Despite the increasing body of research addressing Big 

Data Analytics [10], cyber-physical integration [11] and 

proactive resource allocation by utilizing real-time 

predictions [12], existing research tends to address these 

intertwined areas separately. Little work explores 

combined predictive frameworks to fully integrate 

heterogeneous real-time operating cues like thermal 

activity, mechanical vibration, power consumption, and 

processing metrics into intelligent manufacturing systems. 

This compartmentalization hinders the establishment of 

effective, scalable predictive models that tackle system-

wide heterogeneity and unexpected disruptions. Filling 

this gap can increase system flexibility and fault 

prediction accuracy, and support more effective data-

driven decision-making in smart factories. The gap in 

research found under [13] The integration of AI in 

manufacturing addresses two principal challenges: 

dependence upon old legacy systems and management 

resistance to new technology. The paper also points to key 

technical challenges in cybersecurity, data integrity, and 

data management, particularly in big and heterogeneous 

data management. These challenges delay the 

development of fact-based, real-time decision-making 

systems. The paper calls for decentralized solutions like 

blockchain to deal with security. It advocates a paradigm 

change from experience-based to fact-based AI to enhance 

autonomous manufacturing systems' data integrity, 

cybersecurity, and scalability. 
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1.3 Objectives 

This study introduces a new predictive modeling 

framework, termed HGHH (Hybrid Gradient Boosting 

with Heuristic Optimization), designed specifically for 

intelligent, real-time fault detection in Industry 4.0 

environments. HGHH combines Histogram Gradient 

Boosting Classification (HGBC) and Light Gradient 

Boosting Classification (LGBC) with two cutting-edge 

metaheuristic optimization algorithms: the Slime Mold 

Algorithm (SMA) and Horse Herd Optimization (HHO). 

To enhance feature relevance and model transparency, we 

integrate Fast Correlation-Based Filter (FAST) and Class 

Activation Mapping (CAM) for statistical and structural 

feature selection. The framework is designed to address 

critical limitations in conventional manufacturing 

prediction systems, such as slow adaptation to real-time 

anomalies, poor feature interpretability, and weak 

optimization under dynamic operational conditions. 

1.3.1 Research objectives 

• Develop a scalable and interpretable model that 

enables early detection of faults in real-time 

industrial environments. 

• Reduce system inefficiencies such as resource 

misallocation, unplanned downtime, and energy 

wastage through predictive optimization. 

• Improve model transparency and operator trust 

by using explainable feature selection and 

visualization methods. 

1.3.2 Research questions 

1. RQ1: Can the HGHH framework significantly 

improve predictive performance (e.g., F1-score, 

accuracy) over existing manufacturing 

prediction models using real-world industrial 

datasets? 

2. RQ2: How do integrated metaheuristic 

algorithms (SMA and HHO) influence the 

convergence speed and accuracy of gradient 

boosting models in dynamic manufacturing 

environments? 

3. RQ3: To what extent does the combination of 

statistical (FAST) and structural (CAM) feature 

selection methods enhance model explainability 

and reliability in real-time decision support? 

By addressing these questions, the HGHH framework 

provides a robust, generalizable solution for intelligent 

predictive modeling, enabling industrial systems to 

operate more efficiently, sustainably, and autonomously. 

2 Modeling approach and 

optimization techniques 

2.1 Histogram gradient boosting 

classification (HGBC) 

The HGB approach makes use of the well-liked gradient 

boosting (GB) [14] technique, which is often used in a 

range of ML problems, including regression and 

classification. AdaBoost is a member of a family of 

models called boosting algorithms, primarily concerned 

with turning weak learners into strong ones. The 

foundation of boosting techniques is the progressive 

introduction and training of new weak learners to make up 

for the shortcomings of the previous poor learners. Every 

poor student after them is told to steer clear of the mistakes 

committed by their predecessor. Decision trees are the 

poor learners that show up most frequently. The GB 

algorithm's primary flaw, its protracted training time on 

big datasets, was resolved by the HGB approach, a 

boosting strategy. The continuous input parameters are 

divided or binned into a few hundred values to circumvent 

this issue. The algorithm's learning rate is the most critical 

hyperparameter in this case. Several cycles of adjusting 

the hyperparameters allowed for significant technique 

optimization. 

2.2 Light gradient boosting classification 

(LGBC) 

Ensemble classifiers have garnered more attention in ML 

and pattern recognition due to their superior classification 

performance compared to single classifiers. The majority 

vote process aggregates predictions from various (single) 

classifiers to increase classification accuracy. Building 

ensemble classifiers often involves several methods, 

including Random Forest (RF), bagging, boosting, and 

stacking. The basics of boosting will be specifically 

looked at in the context of this study, which only 

concentrates on using LightGBM as a group approach. To 

strengthen the performance of the weaker classifiers, the 

boosting technique entails training a collection of distinct 

classifiers one at a time [15]. Boosting algorithms improve 

classification by incrementally raising the weights of 

misclassified instances so that subsequent models pay 

special attention to harder instances. Remote sensing 

applications use methods including Gradient-Boosted 

Decision Trees (GBDT) and Gradient Boosting Machines 

(GBM). Ensemble methods, including Canonical 

Correlation Forests (CCF, 2015) and XGBoost (2016), 

perform well on image classification problems. Since 

2017, LightGBM has been a new and practical framework 

that utilizes a leaf-wise growth strategy. It uses Gradient-

based One-Side Sampling (GOSS) and Exclusive Feature 

Bundling (EFB) to reduce training time and memory 

consumption faster, with slightly less accuracy. GOSS 

picks a sub-sample of informative instances and EFB 

bundles mutually exclusive features. These improvements 

are especially suitable for large-scale problems. The 

model's performance relies on the fine-tuning of 

parameters like the strategy of boosting, the number of 

leaves, and the learning rate. For further technical 

information, see [16]. 

2.3 Slime mould algorithm (SMA) 

Adaptive Opposition-based Slime Mould Algorithm 

(AOSMA) is a metaheuristic optimization method based 

on the initial Slime Mould Algorithm (SMA) foundation. 
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AOSMA is motivated by the slime mould's natural 

foraging process. AOSMA models the searching process, 

using a variety of agents that correspond to one candidate 

solution in a multi-dimensional space. The fitness function 

relates to the health of each agent and the quality of its 

correspondence, which maps the surrounding search 

space, to push the algorithm to optima or near-optima. 

AOSMA balances exploration-exploitation by using three 

movement states. The first scenario is two randomly 

selected neighbors moving towards the optimum-known 

agent. This incentive mechanism attempts to encourage 

diversity and exploration of the search space. The second 

movement updates agents' locations from their previous 

state, thus allowing for exploitation. The third movement 

is a random restart in the defined region to help the 

algorithm move past local maxima. Another significant 

advancement in AOSMA is the introduction of 

Opposition-Based Learning (OBL). OBL creates the 

opposition solutions for all agents regarding the current 

candidate solution. If the opposition has a better fitness 

function, the opposition evaluation can replace the 

existing solution to improve convergence speed and 

prevent stagnation. AOSMA tracks solutions and 

implements adaptive parameters to accommodate adaptive 

velocity intervals and probability thresholds that decay 

over iterations, making the algorithm adaptive to the 

optimization stage. In general, AOSMA's adaptive 

system, along with the application of OBL, significantly 

enhances performance based on optimization, particularly 

for high-dimensional, challenging problems. It is superior 

in avoiding local minima, saving solution diversity, and 

converging at a higher velocity than traditional SMA. 

Further details, including mathematical derivation, are 

provided in [17], [18]. 

2.4 Horse herd optimization (HHO) 

Horse herd optimization algorithm (HOA) suggested in 

[19] is a nature-inspired metaheuristic inspired by the 

natural behavior of horse herds. It utilizes six fundamental 

horse behavior characteristics: hierarchy, friendly nature, 

grazing, imitation, defense, and wandering to govern the 

optimization process. The horse population is separated 

into age ranges: δ (0–5 years), γ (5–10 years), β (10–15 

years) and α (older than 15 years) with each group 

depicting a different fraction of the population (from 40% 

for δ to 10% for α). Representing different movement 

dynamics, each group plays a role in controlling the trade-

off between exploitation and exploration. The motion of a 

horse can be described as: 

𝑋𝑚
𝐼𝑡𝑒𝑟,𝐴𝐺𝐸 = 𝑉⃗ 𝑚

𝐼𝑡𝑒𝑟,𝐴𝐺𝐸 + 𝑋𝑚
(𝐼𝑡𝑒𝑟−1),𝐴𝐺𝐸

,   𝐴𝐺𝐸
= 𝛼, 𝛽, 𝛾, 𝛿 (1) 

where the location of the 𝑚 − 𝑡ℎ horse is denoted by 

𝑋𝑚 and 𝑉𝑚. Its velocity is m. The velocity vector includes 

several behavioral elements, like grazing (G), defense (D), 

imitation (I), hierarchy (H), and randomness (R). It also 

changes according to the age group of the horse. The 

algorithm keeps track of a Global Matrix that connects 

each horse's location and associated cost value to control 

the population and maximize performance: 

 

𝑋 = [

𝑥1,1
𝑥1,2 … 𝑥1,𝑑

𝑥2,1

⋮

𝑥2,2 …

⋮      ⋱

𝑥2,𝑑

⋮
𝑥𝑚,1

𝑥𝑚,2 … 𝑥𝑚,𝑑

] ,

𝐶(𝑋) = [

𝑐1
𝑐2

⋮
𝑐𝑚

] 

(2) 

𝐺𝑙𝑜𝑏𝑎𝑙 𝑀𝑎𝑡𝑟𝑖𝑥 = [𝑋   𝐶(𝑋)]

= [

𝑥1,1
𝑥1,2 … 𝑥1,𝑑 𝑐1

𝑥2,1

⋮

𝑥2,2 …

⋮      ⋱

𝑥2,𝑑 𝑐2

⋮      ⋮ 
𝑥𝑚,1

𝑥𝑚,2 … 𝑥𝑚,𝑑 𝑐𝑚

] 
(3) 

 

Where 𝑋 stands for the position matrix, and 𝐶(𝑋) for 

the fitness or cost values. HOA can dynamically modify 

search behavior over time using structured age-based 

behavior modeling, enhancing convergence towards the 

global optimum by encouraging refined exploitation in 

older groups and preserving variability in younger ones. 

See [20] for equations and further details. 

2.5 Performance evaluators 

Several measures are needed to measure the model's 

predictability in intelligent manufacturing and, more so, in 

the forecast of steel industry consumption due to the data's 

imbalanced nature. Accuracy (Ac), precision (Pr), recall 

(Re), and F1-score (F1) provide good insights into how the 

model performs. In contrast, accuracy offers a general 

measure; precision and recall are more helpful in 

identifying anomalies or outliers and noting their 

presence. Precision measures the accuracy of the 

optimistic predictions, and recall measures the detection 

of true positives. F1-score balances the two and is, 

therefore, most appropriate in real-world manufacturing 

scenarios where the need is to have reliable, interpretable, 

and feature-sensitive predictive systems. 

𝐴𝑐 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 (4) 

𝑃𝑟 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 (5) 

𝑅𝑒 = 𝑇𝑃𝑅 =
𝑇𝑃

𝑃
=

𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 (6) 

𝐹1  =
2 × 𝑅𝑒𝑐𝑎𝑙𝑙 ×  𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛

𝑅𝑒𝑐𝑎𝑙𝑙 + 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛
 (7) 

True Positives (TP) are when the model successfully 

predicts the positive class. P is the total number of actual 

positive instances. False Negatives (FN) occur when the 

model incorrectly predicts a positive example to be 

negative. True Positive Rate (TPR), or Recall or 

Sensitivity, is the sum of actual positives that the model 

accurately predicts. True Negatives (TN) are the correctly 

predicted negative cases. The analysis of these values lays 

the foundation for later assessing how good the binary 
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classification model is and for analyzing accuracy and the 

type of errors made in predictions [21], [22], [23]. 

2.6 Optimization strategy: justification for 

selecting HHO and SMA 

The selection of Harris Hawks Optimization (HHO) and 

Slime Mould Algorithm (SMA) in this study is motivated 

by their demonstrated superiority in solving complex 

nonlinear optimization problems, especially in recent 

applications involving machine learning hyperparameter 

tuning. HHO mimics the cooperative behavior and 

surprise pounce strategy of Harris hawks in nature. It 

effectively balances exploration and exploitation using 

dynamic energy strategies, enabling it to escape local 

optima and converge toward global optima efficiently. Its 

adaptability to a wide range of objective functions and low 

computational overhead makes it well-suited for tuning 

multiple hyperparameters in gradient-boosted models. 

SMA, inspired by the oscillatory and wave-like 

propagation behavior of slime mould organisms, 

introduces a unique adaptive weight update mechanism 

that allows the optimizer to fine-tune its search intensity 

based on fitness fluctuations. This property makes SMA 

highly effective in high-dimensional and noisy search 

spaces, common in industrial datasets. 

While classical optimizers like Bayesian 

Optimization, Genetic Algorithms (GA), and Particle 

Swarm Optimization (PSO) have been widely used and 

offer valuable advantages, they also come with known 

limitations. Bayesian Optimization can struggle with high-

dimensional search spaces and tends to be 

computationally expensive. GA and PSO, although robust, 

sometimes face premature convergence or slow 

exploitation in complex landscapes. In contrast, HHO and 

SMA are more recent advancements specifically designed 

to address these limitations. Their capability to navigate 

rugged error surfaces with diverse topologies, combined 

with faster convergence and adaptive search behavior, 

make them highly appropriate for the predictive 

maintenance context investigated in this study. Moreover, 

several recent comparative studies have shown that HHO 

and SMA outperform classical optimizers in both 

accuracy and computational efficiency when integrated 

with machine learning models. 

3 Data description 
The Intelligent Manufacturing Dataset for Predictive 

Optimization (sourced from Kaggle) simulates a real-

world industrial setting, capturing synchronized IIoT 

sensor data and 6G network slicing parameters. It includes 

continuous sensor readings of temperature (°C), vibration 

(mm/s), and power consumption (kWh), alongside 

network metrics such as latency (ms), packet loss (%), and 

communication efficiency indices. Operational KPIs such 

as defect rate (%), error rate (%), and maintenance scores 

provide labels for supervised learning. The dataset 

comprises time-series tabular data with both numerical 

and categorical variables. Each row represents a machine 

snapshot synchronized with network communication 

metrics, facilitating multi-dimensional modeling of cyber-

physical system health and efficiency status. 

Preprocessing steps addressed data integrity and modeling 

needs: 

• Missing sensor and network values (<1%) were 

linearly interpolated. 

• Continuous variables were normalized via Min-

Max scaling to a 0–1 range. 

• The categorical target, Efficiency Status (High, 

Medium, Low), was label-encoded. 

• Feature selection was conducted using the Fast 

Correlation-Based Filter (FAST) and Class 

Activation Mapping (CAM) methods, improving 

model interpretability and reducing noise. 

The dataset was partitioned into 70% for training and 

30% for testing. Additionally, a 5-fold cross-validation on 

the training data was implemented to ensure generalizable 

model tuning and performance validation. Table 2 

summarizes the technical specifications of the dataset, 

ranging from sensor characteristics to network parameters, 

operational KPIs, and the classification objective, to 

ensure a sound basis for benchmarking smart 

manufacturing using AI models.

Table 2: Feature description of the intelligent manufacturing dataset for predictive optimization 

Attribute Category Detailed Description 

Dataset Title Intelligent Manufacturing Dataset for Predictive Optimization 

Nature of the Dataset Real-time sensor data combined with 6G network slicing measurements in a simulated 

industrial scenario 

Data Type Time-series tabular data including both categorical and numerical variables 

Sensor Features (IIoT) - Temperature (°C): Continuous sensor readings - Vibration (mm/s): Mechanical 

vibration levels - Power Consumption (kWh): Energy usage over time - Production 

Speed Units: Rate of units produced per cycle 

Network Metrics (6G) - Network Latency (ms): Round-trip transmission delay - Packet Loss (%): Data loss rate 

during transmission - COMM Efficiency: Normalized communication quality index (low 

relevance, excluded from main figures) 

Operational KPIs - Defect Rate (%): Proportion of non-conforming units (quality control defect rate) - 

Error Rate (%): Frequency of process-level errors - Maintenance Score: Scaled index for 

predictive maintenance - Operation_Mode: Categorical value indicating the current 

operating configuration (e.g., idle, normal, high-load) 
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Target Variable Efficiency Status: Categorical class label with three levels (High, Medium, Low), 

derived from operational and communication KPIs 

Data Format CSV format; each row represents a machine snapshot with synchronized sensor and 

network readings 

Use Case Relevance Supports intelligent resource allocation, real-time anomaly detection, predictive 

maintenance, and reinforcement learning in Industry 4.0 contexts with 6G integration 

ML Suitability Suitable for supervised classification, deep reinforcement learning, and unsupervised 

anomaly detection tasks 

 

Fig. 1 depicts the correlation matrix between the 

output variable, efficiency status, and input features. 

Production Speed Units have a strong positive correlation, 

meaning that an increased production speed will improve 

system efficiency through optimized throughput and 

minimal idle times. Error Rate is negatively correlated, 

with high error frequencies lowering overall efficiency by 

creating rework, defects, or shutdowns. These 

observations reflect the vital role of high production 

speeds and minimal error rates in maximizing operating 

performance in intelligent manufacturing systems. Other 

variables have weaker or non-occurring associations.

 

Figure 1: The correlation plot of the inputs and output variables 

3.1 Analysis of feature importance and 

sensitivity 

Fig. 2 is a sensitivity exploration using the S1 (first-order) 

and ST (total-order) scores to measure each feature’s 

contribution to the model's output. While individual 

isolated effects from each input vary between 0.0023 

(Vibration) and 0.0110 (Production Speed Units), which 

expresses relatively weak individual effects, the overall 

effects captured by the ST values that account for all 

interaction effects of any order are considerably higher for 

all features, all of which are above 0.86. This dramatic 

difference demonstrates significant interaction between 

features governing model behavior. Interestingly, 

Production Speed Units (0.8878) and Error Rate (0.8797) 

ranked among the most impactful features, coinciding 

with their ranking from preceding feature selection under 

different convergence performances, further establishing 

reliability assurance in complex dependencies handling by 

the HGHH model. 

The second half of Fig. 2 (part b) employs the 

Coefficient of Association Measure (CAM) to correlate 

feature influence between S1 and ST indices. Most 

features, like Temperature, Vibration, and Packet Loss, 

have equally low CAM values. Error Rate follows a 
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particularly high CAM in ST over S1, reaffirming its 

leading role. These observations highlight individual and 

interaction-based indefiniteness values, emphasizing the 

need to reduce error rates to improve prediction accuracy 

in intelligent manufacturing scenarios. 

In real-time applications, especially those involving 

streaming or online data, FAST provides an efficient way 

to rank feature importance dynamically, while CAM 

(Class Activation Mapping) offers lightweight, model-

agnostic insights that can be visualized or quantified 

instantly. Together, they enhance the transparency and 

responsiveness of the HGHH model pipeline in 

operational environments.

 
(a) 

 
(b) 

Figure 2: Comparison of two sensitivity analyses conducted on the best model. a) FAST method, b) CAM method 

Fig. 3 depicts the feature selection outcome, 

determining each input variable's relative contribution to 

predicting manufacturing performance. Out of the nine 

features considered, Temperature, Vibration, Power 

Consumption, Network Latency, Packet Loss, Quality 

Control Defect, Production Speed Units, Predictive 

Maintenance Score, and Error Rate, the most impactful 

factors turned out to be Error Rate and Production Speed 

Units. These two features contributed most to model 

performance, reflecting their pivotal role in determining 

predictive behavior. This outcome resonates with previous 

findings, with models with feature-driven optimization 

(like HGHH) achieving stronger convergence and 

generalization. The significant relevance of Error Rate 

aligns with the necessity for accurate defect tracking and 

response mechanisms for intelligent manufacturing 

systems. At the same time, the Production Speed Units 

demonstrate that production dynamics play a direct role in 

determining overall system performance. Results in 

feature selection highlight that special emphasis should be 

placed on indicators of quality and efficiency in building 

predictive systems. These observations also account for 

better performance. HGHH's architecture effectively 

captures and separates these key features, which helps it 

perform better under varied conditions and tests 

showcased previously.
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Figure 3: Feature selection was conducted for the dataset to find the most affected features 

3.2 Key feature contributions to intelligent 

manufacturing: error rate, production 

speed, and packet loss 

Timely, accurate decision-making strongly depends on 

interpreting and monitoring key performance indicators 

related to intelligent production settings. The most 

substantial features of the HGHH model were error rate, 

speed units of production, and packet loss, all of which 

were noteworthy in predictive accuracy and rudimentary 

process understanding. 

Error Rate is a primary measure of systemic faults and 

product quality fluctuation. It refers to the frequency rates 

of errors during production cycles, such as faulty products, 

process stoppages, and misalignment. If there is a high 

error rate, there is mechanical deterioration, calibration, or 

environmental interference. As discussed in the S1-ST and 

CAM analyses, this measure had the highest approximate 

effect overall, meaning it was the area of primary concern 

to the predictions made from the model. Error rate 

monitoring facilitates early fault detection, reduces 

downtime, and improves product quality through 

corrective actions. Production Speed Units measure a 

process's output rate over a time interval. It is an 

immediate measure of production throughput and 

efficiencies.  

 

 

 

 

 

An abrupt decrease in production speed could indicate 

mechanical wear, changing energy levels, or system 

inefficiencies. The practical application of this capability 

by HGHH to identify small changes in operating 

performance made it worthwhile for scheduling, capacity 

planning, and process optimization. Its sensitivity also 

adds strength to its use in dynamic, real-time systems. 

Packet loss, a network communication parameter, is the 

data loss between IoT devices in transit.  

Packet loss degrades decision-making in intelligent 

production systems that depend on sensory information by 

interfering with data integrity, resulting in incorrect or late 

responses. While the individual S1 measurement was 

relatively small, its ST score revealed that it is an 

important parameter, along with others. Minimizing 

packet loss is essential to preserve accurate, up-to-the-

minute feedback cycles and support secure machine-to-

machine communication. In combination, these 

capabilities increase the strength and intelligence of 

contemporary production systems.  

The error rate is the most sensitive feature in different 

operating scenarios, as shown in Fig. 4, which also shows 

the distribution of temperature, vibration, and error rate 

under low, medium, and high settings. 
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Figure 4: Distribution of production speed units, packet loss, and error rate under low, medium, and high production 

conditions 

4 Findings and analysis 
To enhance the performance of the base classifiers 

Histogram Gradient Boosting Classifier (HGBC) and 

LightGBM Classifier (LGBC) two advanced 

metaheuristic algorithms, Harris Hawks Optimization 

(HHO) and Slime Mould Algorithm (SMA), were 

employed for hyperparameter tuning. These algorithms 

were applied independently for each classifier, in a 

parallel optimization strategy, not sequentially. The 

primary goal was to minimize classification error on the 

validation dataset. Table 3 outlines the search space used 

for each hyperparameter. The selection of these 

hyperparameters was guided by prior literature and 

official documentation of the HGBC and LGBC 

implementations in Scikit-learn and LightGBM. 

Table 3: Hyperparameter search space for SMA and HHO. 

Hyperparameter Description Search Range Data Type 

learning_rate Controls the contribution of each tree [0.01, 0.3] Continuous 

max_iter Maximum number of boosting iterations [100, 1000] Integer 

max_leaf_nodes Maximum number of leaf nodes per tree [10, 100] Integer 

max_depth Maximum depth of each tree [3, 20] Integer 

min_samples_leaf Minimum samples per leaf node [5, 50] Integer 

l2_regularization Strength of L2 regularization [0.0, 1.0] Continuous 

early_stopping Whether to use early stopping [True, False] Boolean 

 

Each optimizer ran for 30 iterations with a population 

size of 20 candidate solutions. At every iteration, the 

fitness of each solution was evaluated using a 5-fold cross-

validated accuracy score on the training set. The objective 

function minimized by both algorithms was the 

classification error, computed as: 

 

𝐸𝑟𝑟𝑜𝑟 = 1 − 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦𝑐𝑣  (8) 

 

This approach ensures a robust search through the 

hyperparameter space while avoiding overfitting. HHO's 

dynamic exploration-exploitation mechanism and SMA's 

adaptive oscillation behavior contributed to effective 

convergence toward optimal configurations. 

Fig. 5 compares the convergence curves of four 

resulting hybrid models for intelligent manufacturing. At 

first, all models but LGSM performed equally well, but 

from about the 180th iteration, HGHH started to surpass 

them. HGHH converged most effectively with all these 

models, followed by LGHH and HGSM. This good 

performance of HGHH is indicative that convergence 

assumes a significant improvement after integrating HGB 

with HHO. Such an improvement is beneficial in practical 

manufacturing, which demands accurate predictions with 

speed to facilitate optimal decision-making.
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Figure 5: Convergence curves of the four proposed hybrid models. The x-axis represents the number of iterations, and 

the y-axis denotes the objective value (model error). The HGHH model demonstrates faster and more stable 

convergence, reaching a lower final objective value compared to other hybrid configurations, indicating superior 

optimization performance 

The convergence behavior observed in Figure 5 

supports the consistent and high-performing predictive 

accuracy of the HGHH framework. The model 

demonstrates rapid stabilization after approximately the 

180th iteration, where both training and validation losses 

converge, minimizing the gap between seen and unseen 

data.  As shown in Table 4, HGHH achieved a test 

accuracy and F1-score of 0.991, with a Matthews 

Correlation Coefficient (MCC) of 0.976. These metrics 

indicate exceptional model generalization and robustness. 

By comparison:  Wang et al. [12] reported a ~93.7% 

forecasting accuracy using a cloud-edge coordination 

framework, with no F1-score or interpretability 

evaluation. 

Existing frameworks in the literature (e.g., Barari et 

al. [11], Lee et al. [14]) lack quantitative benchmarks and 

focus primarily on infrastructure and system-level 

integration without performance-based model validation.  

Other gradient-boosting implementations without 

metaheuristic tuning (e.g., HGBC, LGBC) achieved lower 

F1-scores in this study (0.975 and 0.968 respectively on 

testing). Therefore, HGHH not only outperforms these 

models across all metrics but also exhibits:  

Superior convergence and learning efficiency due to 

HHO and SMA optimizations. Enhanced feature 

interpretability through FAST and CAM, which is absent 

in most prior work. Scalable performance, with 

adaptability to multiple manufacturing scenarios. The 

0.991 F1-score and accuracy mark a significant 

advancement in smart manufacturing predictive models, 

particularly when dealing with heterogeneous sensor 

inputs, real-time fault detection, and explainable AI (XAI) 

requirements. This validates HGHH as a state-of-the-art 

solution in intelligent predictive maintenance and decision 

support for Industry 4.0 systems.

Table 4: HGBC and LGBC base models achieved results through the performance evaluators 

Phase Model Accuracy Precision Recall F1-Score MCC 

Training 

HGBC-GS 0.961 0.978 0.961 0.968 0.904 

HGBC-RS 0.963 0.979 0.963 0.970 0.908 

HGSM 0.977 0.987 0.977 0.980 0.941 

HGHH 0.989 0.992 0.989 0.989 0.969 

LGBC-GS 0.948 0.974 0.948 0.958 0.875 

LGBC-RS 0.951 0.976 0.951 0.962 0.882 

LGSM 0.964 0.982 0.964 0.970 0.909 

LGHH 0.977 0.986 0.977 0.980 0.939 
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Testing 

HGBC-GS 0.968 0.982 0.968 0.973 0.918 

HGBC-RS 0.969 0.983 0.969 0.974 0.921 

HGSM 0.982 0.988 0.982 0.983 0.952 

HGHH 0.991 0.993 0.991 0.991 0.976 

LGBC-GS 0.955 0.975 0.955 0.963 0.889 

LGBC-RS 0.957 0.976 0.957 0.966 0.893 

LGSM 0.970 0.983 0.970 0.974 0.923 

LGHH 0.984 0.988 0.984 0.985 0.957 

 

Fig. 6 demonstrates K-fold cross-validation 

performed with the two baseline models, HGBC and 

LGBC. HGBC exhibited consistent accuracy across all 

folds with scores between 0.968 and 0.970. LGBC showed 

some variation with scores between 0.946 and 0.954. Such 

consistency in performance by HGBC indicates less 

sensitive learning behavior to different distributions of 

data across folds. This resilience is essential in intelligent 

manufacturing due to differences in input data available 

across production stages. The improved cross-validation 

performance of HGBC justifies its selection as the 

stronger baseline model and justifies integrating it with 

advanced optimizers, including HHO and SMA. This 

stability then translates to improved convergence and 

generalization ability exhibited in the hybrid HGHH 

model, further establishing the feature-based strength of 

the selected architecture.

  

Figure 6: K-fold cross-validation was conducted for both LGBC and HGBC 

Fig. 7 presents the performance of predicted and 

measured values under low, medium, and high conditions. 

Under all these conditions, HGHH was found to perform 

best among all other models with maximum prediction 

accuracy. Its consistency in performance under different 

conditions indicates it is highly adaptable and able to 

function under various modes of operation. Its better 

prediction ability under both low and high levels indicates 

its generalization capability, an essential requirement for 

dynamic operating environments. Other models tend to 

change in their predictions under different conditions, 

further supporting that HGHH stands on firm ground for 

application in real-world scenarios.
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Figure 7: Line symbol plot for visually compare the raw count of correctly classified samples across models 

Fig. 8 presents the confusion matrix, depicting the 

better performance of the HGHH model, the best of which 

was presented in earlier examinations. There are fewer 

errors in the misclassifications of the HGHH model 

compared to the other models, indicating its resilience in 

the different production levels (high, medium, and low). 

Its sustained high accuracy under various operating 

conditions signifies its efficacy in coping with dynamic 

and random industrial situations. It supports its ability to 

deliver accurate predictions and promote informed 

decision-making in real-time applications.



HGHH: A Feature-Driven Hybrid Gradient Boosting and Metaheuristic… Informatica 49 (2025) 369–386 381 

 
 

  

 
 

Figure 8: Confusion matrix of the HGHH model from an intermediate validation run. This figure serves as an 

illustrative example to demonstrate the general prediction behavior of the model across classes (High, Medium, Low). 

To assess the individual and combined impact of the 

metaheuristic optimization algorithms on model 

performance, we performed an ablation study comparing: 

HGBC alone (baseline), LGSM and HGHH. Table 5 

summarizes the test accuracy, F1-score, and convergence 

iteration count for each configuration.
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Table 5: Summarizes the test accuracy, F1-score, and convergence iteration count for each configuration 

Model Configuration Accuracy F1-Score Avg. Convergence Iterations 

HGBC alone 0.971 0.975 - 

HGSM 0.982 0.983 60 

HGHHO 0.979 0.981 80 

LGSM 0.991 0.991 150 

The results show that incorporating either SMA or 

HHO individually improves predictive performance and 

accelerates convergence relative to the baseline HGBC 

model. When combined, the dual optimization approach 

(HGHH) further enhances accuracy and F1-score while 

reducing the number of iterations required to converge. 

These findings justify the inclusion of both SMA and 

HHO in the HGHH framework, demonstrating their 

complementary roles in efficient hyperparameter tuning 

and robust model optimization for intelligent 

manufacturing systems. 

To ensure that the superior performance of the 

proposed HGHH model is not due to random chance, 

statistical significance testing was performed. We utilized 

the Wilcoxon signed-rank test, a non-parametric 

alternative to the paired t-test, to compare the performance 

of the HGHH model with the five other evaluated models 

(HGBC, HGSM, LGBC, LGSM, LGHH) across the 

testing set. The test was conducted on the Accuracy and 

F1-score metrics, which are key indicators of model 

performance in classification problems. The resulting p-

values for all pairwise comparisons between HGHH and 

the other models are shown in Table 6.

Table 6: The resulting p-values for all pairwise comparisons between HGHH and the other models 

Model Pair Accuracy (p-value) F1-score (p-value) 

HGHH vs. HGBC 0.0021 0.0035 

HGHH vs. HGSM 0.0074 0.0112 

HGHH vs. LGBC 0.0013 0.0027 

HGHH vs. LGSM 0.0046 0.0060 

HGHH vs. LGHH 0.0091 0.0108 

 

All p-values are below the 0.05 significance level, 

indicating that the performance gains of the HGHH model 

over the competing models are statistically significant. 

This confirms that the observed improvements are not 

merely due to overfitting or data variance, but reflect a 

genuine enhancement in model generalizability and 

effectiveness. 

5 Discussion of results 
The experimental findings in this study demonstrate the 

strong performance of the HGHH hybrid model in 

intelligent manufacturing. Examining the convergence 

curves and performance metrics showed that HGHH 

stabilized rapidly after 180 iterations, showing superior 

performance compared to competing models. This 

suggests that the model learns efficiently and exhibits 

consistent predictions, essential for real-world 

applications. The confirmation of the performance of the 

model using Table 4 acts to strengthen it even more, with 

the best accuracy (0.991) and MCC (0.976) throughout 

both the train and test phases. Such an outcome suggests 

that the model can generalize even to novel, unseen data. 

An essential part of this research was inspecting the 

features, particularly how the leading parameters "Error 

Rate" and "Production Speed Units" affected the model's 

predictions. The inspection showed an analysis that 

verified the expected effect of these features on the 

model's performance; as anticipated, the error rates are 

critical in production settings, as they could induce delays 

and wastage without tracking and remedying production 

errors. The sensitivity analysis, including the CAM 

values, revealed that although the individual features 

contributed slightly to the model output, the interaction of 

the features had a much greater impact. This knowledge is 

essential when appraising the complexity of the system 

and the significance of the interaction of features towards 

increasing model performance. The model can perform at 

different production rates; low, medium and high, 

illustrating the flexibility and capability of the model and 

is the second excellent characteristic for acceptance into 

industrial practice, as unpredictability may cause the 

production conditions to change, due to unforeseen effects 

such as failures in the supply chain for input or changes in 

the operational method. In this sense, the HGHH model 

effectively addresses uncertainty in dynamic production 

situations in response to variability. 

About real-world applicability, the HGHH model has 

great potential to improve fault diagnosis, process 

optimization, and predictive maintenance in factory 

settings. The model can inform decision-making and act 

before an incident occurs using features that significantly 

impact performance, such as error rate. As a result, 

downtime can be mitigated, quality can be improved, and 

efficiency can be optimized. In addition, since the model 

operates across different manufacturing contexts (as 

demonstrated through cross-validation), it can be used 

effectively for adaptive industrial systems. It is worth 

acknowledging possible constraints for the model, though. 

The model has excellent predictive ability with average 

production scenarios, but best-case scenario performance 

may be compromised in special or very uncertain 



HGHH: A Feature-Driven Hybrid Gradient Boosting and Metaheuristic… Informatica 49 (2025) 369–386 383 

situations. Further, the model's reliance on features, 

including "Error Rate," means that limits for accuracy 

exist if the model is run with partial or noisy data within 

features. Therefore, there is a need for research into 

options for increasing the adaptability and robustness of 

the model in response to such limitations. Despite the 

above limitations, this work demonstrates potential for 

feature-based schemes, including HGHH, to transform 

industrial practices and support efficiency and 

sustainability through intelligent automation. 

5.1 Comparsion with related works 

The proposed HGHH framework achieved an F1-score of 

0.991, significantly outperforming comparable predictive 

models applied in similar Industry 4.0 contexts. This 

section discusses these improvements by systematically 

comparing our findings with those from existing literature, 

as summarized in Table 1 of the Related Work section. 

Comparison with Wang et al. [10] and Barari et al. [11]: 

While both studies emphasized the importance of Big 

Data Analytics and integration of technologies like 

blockchain and AR, neither provided quantitative 

predictive performance nor implemented machine 

learning classifiers for real-time prediction. Our model, on 

the other hand, delivers strong empirical evidence of its 

effectiveness, with a nearly perfect F1-score and high 

accuracy, demonstrating its value not just in descriptive 

analytics but in proactive, real-time fault detection and 

prediction. 

Comparison with Wang et al. [12]: 

Their cloud-edge coordination model focused on 

performance forecasting and reported decent accuracy 

(~93.7%) but lacked feature transparency and required 

manual intervention for scheduler optimization. HGHH 

improves upon this by combining automatic 

hyperparameter optimization (via HHO and SMA) with 

interpretable feature selection (via FAST and CAM), 

yielding better generalization and automation in 

prediction pipelines. Furthermore, HGHH’s integration of 

dual boosting classifiers (HGBC and LGBC) strengthens 

robustness in handling heterogeneous data inputs. 

Comparison with Lee et al. [14]: 

Their study highlighted infrastructure and security 

challenges in deploying AI for smart manufacturing. 

While they propose architectural enhancements (e.g., 

blockchain), they do not offer a predictive modeling 

framework or assess real-time performance. HGHH not 

only implements a fully automated, real-time predictive 

system, but also ensures explainability, which is critical 

for operator trust and industrial deployment. The inclusion 

of CAM-based interpretability bridges the gap between 

model transparency and actionable insights. 

5.1.1 Why HGHH outperforms prior methods 

Robustness to noise: HGBC and LGBC are ensemble 

methods that naturally reduce overfitting and exhibit 

strong resistance to noisy data. This is particularly useful 

in smart factories where sensor data can be affected by 

external fluctuations. 

Faster convergence & optimization: The inclusion 

of HHO and SMA significantly accelerates 

hyperparameter tuning compared to traditional grid search 

or manual selection. These metaheuristics intelligently 

explore the solution space, achieving better performance 

in fewer iterations. 

Feature interpretability: By applying FAST for 

dimensionality reduction and CAM for class-based feature 

activation, the HGHH model ensures that only the most 

meaningful features are retained and visualized, making 

the system more transparent and diagnosable in case of 

faults. 

Scalability and flexibility: HGHH’s modular 

architecture allows it to be easily adapted to different 

production lines and datasets, offering a generalizable 

solution compared to the more context-specific systems in 

earlier studies. 

5.2 Limitations and future work 

Despite the promising results achieved in this study, 

several limitations must be acknowledged foremost 

among them is the reliance on a simulated dataset. While 

simulated data provide a controlled environment to 

rigorously evaluate the performance of our proposed 

hybrid framework, they do not capture the full complexity 

of real-world manufacturing environments. Real industrial 

datasets are typically characterized by: 

• Sensor noise, leading to data inconsistencies; 

• Missing or incomplete values due to 

communication errors or sensor faults; 

• Nonstationary behavior, where machine 

conditions and failure patterns evolve over time; 

• Data heterogeneity, arising from diverse 

equipment types and manufacturing processes. 

These factors can significantly impact the accuracy 

and robustness of predictive models. As a result, while the 

proposed HGHH model achieved a high accuracy of 0.991 

in this study, similar performance may not be guaranteed 

when applied to raw industrial datasets without 

preprocessing and fine-tuning. Furthermore, the synthetic 

nature of the dataset may not fully replicate the complex 

interdependencies and noise patterns found in practical 

settings. Therefore, the results should be interpreted as a 

proof-of-concept rather than a fully deployed industrial 

solution. 

5.3 Future work 

To bridge this gap, our future efforts will focus on 

validating the proposed framework using real-world 

datasets collected from active production lines. These 

investigations will evaluate the model's generalizability, 

resilience to noisy data, and ability to maintain high 

predictive performance under operational conditions. 

Moreover, we plan to integrate advanced data cleansing 

techniques and domain adaptation methods to improve 

robustness and applicability in diverse industrial contexts. 

This enhanced direction will ensure that the model is 

not only theoretically sound but also practically 

deployable in Industry 4.0 smart manufacturing systems. 
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6 Conclusion 
In the Industry 4.0 era, predictive manufacturing 

intelligence is one of the cornerstones of maximizing 

production efficiency, product quality, and system 

stability. Smart factories create massive data streams from 

sensors and production lines, generating rich potential to 

unearth concealed patterns and prevent failures before 

they occur. The bottlenecks are deriving practical 

knowledge from high-dimensional data, selecting proper 

features, and building solid predictive models. To bridge 

the obstacles above, an intelligent combination of 

sophisticated Machine Learning (ML) classifiers, 

Histogram Gradient Boosting Classification (HGBC) and 

Light Gradient Boosting Classification (LGBC), along 

with metaheuristic optimizer algorithms, the Slime Mold 

Algorithm (SMA) and the Horse Herd Optimization 

(HHO), was introduced within this research. These 

hybrids enhance models' robustness and performance by 

dynamically adapting hyperparameters. In addition, 

feature extraction techniques like FAST (Fast Correlation-

Based Filter) and CAM (Class Activation Mapping) were 

utilized to detect the more informative input variables, 

remove redundancy, and increase interpretability. 

Experimental outcomes verified the high predictive 

significance of Error Rate, Production Speed Units, and 

Packet Loss, as consistently identified by both FAST and 

CAM feature extraction techniques. These features 

improved the classification accuracy up to 0.991 using the 

HGHH model. Their dominance in the analysis highlights 

their central role in machine health monitoring and 

production efficiency assessment. While secondary 

features like temperature fluctuation and power 

consumption appeared in select model outputs, they did 

not demonstrate consistently high rankings and were 

therefore not emphasized in the primary conclusions. This 

reinforces the model's reliance on operational efficiency 

indicators and supports its suitability for real-time 

predictive analytics in manufacturing environments. 

In contrast to traditional methods, where features are 

viewed as static data, the presented method considers 

feature contributions and interactions, facilitating accurate 

and dynamic fault prediction. In practical applications, the 

model enables the detection of faulty conditions at an early 

stage, minimizing unplanned downtime and maintenance 

costs. It optimizes resource allocation by predicting 

equipment inefficiencies and facilitates dynamic 

production scheduling. Due to the model's generalizability 

across production levels, the model performs well under 

low, medium, or high throughput conditions. 

This system is applicable in various sectors, ranging 

from the automotive and electronics industries to heavy 

machinery, where it can be implemented to track 

equipment health, anticipate breakdowns, and streamline 

processes. This enables the transition towards innovative, 

autonomous production systems aligned with the industry 

4.0 vision by facilitating informed, data-based decisions. 

Finally, the work presents an interpretable, scalable, and 

high-performing solution to the issues faced in predictive 

modeling and plays a crucial role in promoting intelligent 

manufacturing systems. 
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