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Abstract - Machine Learning (ML) approaches for Predictive Maintenance (PdM) and Quality Control 

(QC) have become pivotal in transforming industrial operations by shifting from reactive to proactive 

strategies. Leveraging extensive sensor data and advanced algorithms, these approaches enable early fault 

detection, optimized maintenance scheduling, and improved product quality. Interpretable Machine 

Learning (iML) methods enhance transparency and trust, facilitating smoother integration within existing 

workflows. Applications across diverse sectors such as smart grids, e-commerce, and cryogenic systems 

highlight significant benefits including reduced downtime, cost savings, and enhanced operational 

efficiency. Despite these advancements, challenges persist, including data quality issues, high 

implementation costs, limited expertise, and resistance to organizational change. Future directions 

emphasize the development of scalable, real-time, and domain-specific models tailored to heterogeneous 

industrial data. Emphasis on improved data preprocessing, automated feature selection, and simplified 

model architectures is essential for maintaining performance and usability. Moreover, integrating ML with 

emerging technologies like Digital Twins (DT) and the Internet of Things (IoT) can enable continuous 

monitoring and dynamic operational adaptation. Addressing these challenges and opportunities will pave 

the way for more intelligent, resilient, and efficient manufacturing systems. 
 

Keywords - Predictive Maintenance, Quality Control, Machine Learning, Interpretable Machine Learning, 

Industrial Iot, Digital Twins, Manufacturing Efficiency. 

 

1. Introduction 
Experts have dubbed the current state of the business "The Fourth Industrial Revolution," also known as 

Industry 4.0. This reality is intimately related to the integration of digital and physical technologies in production 

environments. [1] The integration of these settings enables the collection of extensive data from various pieces of 

equipment located throughout different sectors of the factory. Furthermore, Industry 4.0's new technologies 

combine people, machines, and goods, facilitating a faster and more focused exchange of information. 

A manufacturing organization employs a range of quality control methods to minimize process variability 

and improve process quality. There are several methods for regulating the quality of a process or product[2]. 

Another crucial area of manufacturing that is being transformed by machine learning is quality control. 

Organisations use quality control techniques and procedures to ensure that their goods and services meet client 

expectations and established standards.  It includes tasks such as testing, monitoring, and inspection to identify 

and correct flaws or deviations from quality standards during the production process. The primary objective of 
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quality control is to provide consumers with dependable, consistent, and superior goods or services. Traditional 

quality control methods frequently include manual inspection, however this method is time-consuming, 

subjective, and prone to errors.  Machine learning (ML) algorithms, on the other hand, can quickly and 

accurately identify flaws by analysing sensor, audio, and visual data. 

Many contemporary research investigations focus on predictive maintenance (PdM), a concept with a long 

history that is often referred to as "online monitoring," "risk-based maintenance," or "condition-based 

maintenance."  It alludes to the astute observation of machinery to prevent future malfunctions. From the first 

approach of visual inspection to automated approaches utilising sophisticated Predictive maintenance has 

improved using signal processing methods based on neural networks, fuzzy logic, pattern recognition, and 

ML[3]. Automated systems offer a valuable solution in various fields by detecting and collecting sensitive data 

from machinery, such as motors, which is beyond the capabilities of human eyes and ears.  Because predictive 

maintenance involves planning the repair task ahead of time to prevent equipment problems, it overlaps with 

preventive maintenance. 

In fields like industrial maintenance, where data is becoming more accessible, ML techniques are a viable 

option. It is offering more and more cloud-based solutions, efficient solutions, and recently developed 

algorithms. The two primary categories of PdM based on ML are as follows: Unsupervised, when process and/or 

logistical data are provided but no maintenance data is, and supervised, when failure incidence information is 

included in the modeling dataset [4]. The type of maintenance management policy currently in place largely 

determines the availability of maintenance data. Supervised solutions are the best option wherever feasible. 

Regression problems (if the data set's output assumes continuous values) and the two categories of supervised 

issues that might emerge from an ML perspective are classification difficulties (assuming the data set's output 

assumes categorical values).  

1.1. Structure of the Paper 

The paper is structured as follows Section II provides an overview of predictive maintenance in ML. Section 

III explores interpretable ML techniques. Section IV outlines key challenges. Section V presents a comprehensive 

literature review. Section VI concludes the study and proposes future research directions. 

2. Overview of Predictive Maintenance in Machine Learning 
The fundamental tenet of maintenance is that consistent observation of the state of the machine, process, 

material, or product will ensure the longest possible time between repairs, thereby reducing the frequency and 

expense of unscheduled outages that impact output, product quality, and the overall effectiveness of the 

manufacturing process [5]. Industrial data presents several elements, quirks, and challenges that predictive 

maintenance systems must address. In the following paragraphs, the most pertinent ones are covered. Industrial 

use-cases present two primary challenges: data variability and behavior. These factors make the Pd.M. model 

reusability difficult among machines and assets. An outline of the primary procedures involved in creating an 

interpretable ML (iML) model for predictive maintenance offers transparent and understandable insights into 

model decisions, aiding trust and adoption in industrial environments. 

2.1. Methods of Machine Learning Algorithms 

There are some differences in the definitions of the different kinds of ML techniques (i.e., depending on the 

challenge and the sort of outcomes needed).  The most popular approaches and strategies are depicted and 

quickly explained in Figure 1.[6]. This demonstrates the intricate connections across ML types, approaches, and 

strategies. 

2.1.1. Supervised Learning 

Supervised learning, which is frequently applied to classification and regression problems, learns from 

labelled data. As seen in Figure 2, the basic regression techniques for establishing a direct correlation include 

linear regression (LR), polynomial regression, and exponential regression. In addition, one type of regression 

technique that is gaining increasing attention is Gaussian process regression (GPR). 
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Fig. 1 Methods of Machine Learning 

 
Fig. 2 Supervised Learning 

2.1.2. Unsupervised Learning 

The algorithm must analyze the data and determine whether the photographs are of cats. In 

unsupervised learning, a data scientist only provides the data (as shown in Figure 3). Unsupervised ML 

requires large volumes of data.  The process of unsupervised learning often begins when data scientists train 

algorithms using datasets. The goal of learning the algorithm is to identify patterns within the dataset and 

assign grades to the data points accordingly. Clustering, association, anomaly detection, and autoencoder 

issues are the four categories into which unsupervised learning tasks may be separated. 

 
Fig. 3 Unsupervised Learning 

2.1.3. Reinforcement Learning 

A subfield of ML called reinforcement learning studies how software agents should behave in a given 

scenario to maximize a concept known as cumulative reward[7]. Figure 4 shows the three fundamental ML 

models: reinforcement learning, unsupervised learning, and supervised learning. 
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Fig. 4 Reinforcement Learning 

2.2. Techniques of Predictive Maintenance  

In predictive maintenance (Figure 5), repairs are made, when necessary, typically just before a problem is 

anticipated. The primary concept behind this method is to predict a machine's health by utilizing known features 

or historical data. A type of condition-based maintenance called predictive maintenance forecasts future 

performance based on past and current indicators[8]. When this strategy is used, both scheduled and unplanned 

downtime are decreased. Preventive measures that are better scheduled are referred to as planned downtime, 

while unplanned downtime is associated with unanticipated breakdowns that can be prevented by regularly 

inspecting the state of the equipment. 

 
Fig. 5 Techniques of PDM 

2.2.1. Vibration Monitoring 

In the industry, this method is commonly used for diagnostic, condition monitoring, and forecast purposes 

and is applicable to any motion and rotating machinery.  Predictive techniques include signal profile analysis, 

trend analysis for vibration levels, and trend analysis in specific frequency bands.  Component degradation and 

remaining usable life are assessed using trend analysis[9]. Predictive studies may be readily conducted using just 

this data because the vibration level is a sign of poor condition in and of itself. 

2.2.2. Thermography 

This method uses temperature readings to forecast and diagnose the state of systems and equipment. 

Making use of line scanners, infrared thermometers, or thermal imaging cameras, advanced technology makes it 

possible to measure infrared emissions. The device's state and possible abnormalities may be ascertained by 

analyzing the collected findings (temperature, its fluctuations, and its distribution). In real-world applications, 

thermography may be utilized as a non-destructive technique to measure the amount of material lost in boiler 

water-wall tubing and to identify wall thickness in high-temperature pressure pipes due to corrosion and flow 

erosion. 

2.2.3. Visual Inspection 

There are situations where traditional inspection techniques cannot be replaced by online condition 

monitoring and predictive maintenance advancements. In the inspection process, engineering experience should 

help maintenance with established models and implemented meters to prevent undiscovered defects[10]. The 

current technology that provides mobility and information access can complement the conventional procedure. 

Barcodes, radio-frequency identification (RFID), augmented reality, and mobile applications all facilitate 

inspections.  

Vibration Monitoring 

i.Thermography 

Visual Inspection 

Acoustic Analysis 

i.Motor Current Analysis 
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2.2.4. Acoustic Analysis 

This method involves analyzing noise, ultrasound, and acoustic signals. Similar to vibration analysis, 

spinning equipment may be monitored with reasonably priced instruments. It can identify abnormalities 

brought on by friction and pressures that could be signs of degradation by examining the signal in the frequency 

domain. When detecting gearbox problems, acoustic analysis can be used in conjunction with vibration 

monitoring to find smaller flaws. 

2.2.5. Motor Current Analysis 

An essential component of the majority of power plants is the electric motor. Outages in energy production 

are frequently caused by breakdowns. As such, it requires extra care.  It is susceptible to mechanical issues that 

are typical of rotating machinery, but electrical issues account for a large portion of these issues. Common 

failures include insulation issues, rotor issues, stator winding issues, and bearing issues. 

3. Interpretable ML in Predictive Maintenance 
The term "interpretable machine learning" (iML) refers to a variety of techniques whose inner workings 

may be understood without the need for a post-hoc explanation-generating process.  The target audience may 

understand these techniques without the requirement for additional techniques that act as a mediator between 

the individual and the model. Specifically, iML techniques include architectures that can provide outputs that 

are legible by humans, such as rule-based systems, basic visual representations like decision trees and simple 

networks, or user-understandable physical mappings. The general taxonomy is displayed in Figure 6. 

 
Fig. 6 Interpretable ML Taxonomy. 

3.1. Simple Architectures  

Denoted as a ‘‘simple’’ architecture is just an architecture that is small in the number of weights or a tree-

like architecture. A small number of weights indicates a straightforward understanding of the model’s 

performance, as there are no layers one has to decipher. Additionally, tree-based architectures are simplistic in 

nature as one is able to visualize a tree structure and follow the reasoning of a small enough tree. 

3.2. Interpretable Representations 

An interpretable representation is the idea that a model or architecture can represent its knowledge or the 

training and testing data in a manner that is easily understood. This may consist of representing the decision or 

data using rule structures such as Fuzzy Knowledge, or Rule-based structures like Signal Temporal Logic and 

Rule-based Interpretations, respectively. Additionally, they may use grounding in their model to represent 

simple sine waves, as Interpretable Filters, or real-life processes, Physical Constraints. 
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3.3. Statistics 

Statistics are used in a wide range of areas with numerous applications, allowing us to evaluate hypotheses 

in a meaningful and consistent manner [11]. These methods allow us to compare data distributions and more 

using tried and true methods that have been around for a long time, such as Pearson’s chi-squared test. These 

methods utilize actual tests from the realm of statistics, or they utilize methods that build upon these methods, 

such as Hidden Markov Models and Generalized Additive Models, respectively. 

3.4. Other Methods  

The methods presented here do not neatly fit into the other categories in interpretable ML. These methods 

consist of the ever-popular attention mechanism. 

3.4.1. Attention 

Attention was used as a natural language processing (NLP) technique.  The transformer architecture, which 

has produced several well-known models like GPT, is introduced by extending this attention module[12]. It is 

possible to comprehend the characteristics that the architecture is focusing on by visualizing the weights from 

the attention modules.  As a class label for fault diagnosis, it made use of the Diagnostic Trouble Codes (DTC), 

which are frequently included in predictive maintenance issues.  The encoded latent space from the Decoder was 

converted into a probability distribution for the various DTC using dense layers. 

3.4.2. Digital Twin 

As explained by Grieves and Vickers, digital twins were first used to create a computer model that 

represented a physical system. Moreover[13], Digital twins are made up of two systems: a digital system that 

stores the data about the physical system and a physical system that is represented by the asset.  One may see 

how well a physical system performs without actually seeing the asset by using digital twins. 

3.4.3. K-Nearest Neighbours (KNN) 

The foundation of the KNN supervised learning method is the grouping of input data with the k most 

comparable other input data points. The input data is represented as a vast feature space. A piece of input data's 

position in the feature space with respect to the k nearest adjacent data points represents its output. Small k 

numbers result in a more precise output but also less regard for the input data's output value.  Though 

excessively big k numbers will reduce the result's significance, larger k values allow for the consideration of 

more values when deciding the outcome. It generated temperature alert decision assistance using a modified 

KNN algorithm. 

3.5. Product Quality Control 

In the production process, product quality control is essential. It builds consumer trust in addition to 

guaranteeing standard compliance throughout product commercialisation. Numerous studies on the use of AI to 

product quality control have been conducted, and they fall into two main categories Defect identification and 

forecasting. 

 Defect Detection: Deciding whether to approve or reject a product is made possible by defect 

identification, which is an essential phase in the process of quality control (QC). The work in this area 

has focused heavily on automatically inspecting manufactured components for defects using computer 

vision (CV).  

 Defect Prediction: To forecast the quality of items produced, defect prediction involves monitoring the 

production process.  Process factors have a significant impact on product quality. Numerical data 

obtained from sensors positioned on production lines during the manufacturing process usually makes 

up the data utilized in these pieces. 

4. Challenges of Machine Learning For Predictive Maintenance 
 Discuss  any  challenges  encountered  during  the  implementation  of  machine learning-based  

predictive  maintenance  systems  in  each  case  study.  This could include technical challenges, organizational 

barriers, or data-related issues. Also, share any  lessons  learned  or  best  practices identified  through the 

process Discuss  any  challenges  encountered  during  the  implementation  of  machine learning-based  
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predictive  maintenance  systems  in  each  case  study.  This could include technical challenges, organizational 

barriers, or data-related issues.  Also, share any lessons learned or best practices identified through the process. 

In each case study, talk about any difficulties that arose when ML-based predictive maintenance systems 

were put into place. This might involve organizational obstacles, technological difficulties, or problems 

pertaining to data. 

 Data Quality: Machine learning in predictive maintenance faces challenges due to poor data quality. 

Incomplete, inaccurate, or inconsistent data from manufacturing equipment can lead to unreliable 

predictions. Ensuring high-quality data requires standardization, continuous monitoring, and proper 

data collection to enhance model accuracy and reliability. 

 Skilled Expertise: Developing and managing ML models is complex, requiring advanced knowledge of 

algorithms, statistics, and programming. Organizations must invest in skilled personnel, which can be a 

barrier especially for smaller manufacturers lacking access to specialized expertise needed for effective 

implementation. 

 Implementation Costs: Implementing ML in manufacturing demands high upfront costs for hardware, 

software, staff training, and system integration. For small and medium-sized manufacturers, these 

investments can outweigh perceived benefits, creating financial barriers that delay or prevent adoption 

despite the long-term efficiency and quality gains. 

 Cultural Resistance: Organizational inertia and cultural resistance pose significant barriers to adopting 

machine learning in predictive maintenance. Operational staff often prefer familiar traditional methods 

and may distrust new technologies. Successful adoption requires effective change management, 

transparent communication, and ongoing support to facilitate a smooth transition and foster trust. 

 Implementation Challenges: ML offers significant potential for predictive maintenance in 

manufacturing. However, success depends on overcoming challenges such as data quality, model 

complexity, access to expertise, high initial costs, and cultural resistance. Addressing these factors is 

crucial for the effective implementation and widespread adoption. 

5. Literature Review 
The literature emphasizes ML's role in predictive maintenance and quality control, showcasing improved 

fault prediction, cost efficiency, real-time monitoring, and zero-defect strategies through smart sensors, IoT, and 

advanced algorithms across manufacturing, e-commerce, and industrial equipment domains. Weber and 

Reimann (2020). Manufacturing environments are developing ML models for a range of uses, Product quality 

control and predictive maintenance are two examples. Given the variety of production processes involved, a 

wide range of ML models, tools, and product variants must be developed and used.  The management of all 

these ML models and related information necessitates a software system. However, present model management 

solutions do not link models to domain and business context to give non-expert users customized search and 

discovery capabilities for models. Additionally, none of the current systems provides a comprehensive overview 

of every model within a company [14]. 

Perico and Mattioli (2020) The quick development of technology has opened up new business opportunities 

and potential, requiring businesses to continuously produce increasingly sophisticated solutions to stay 

competitive. The extent to which these technologies can facilitate the adoption of lean manufacturing is still 

unknown. AI is briefly emphasized as a crucial facilitator in the wake of the creation of Lean 4.0, which seeks to 

offer practical expertise for the integration of Lean and Industry 4.0 in industrial organizations. This research 

focuses largely on process and control difficulties through better data and knowledge utilization, with a focus on 

integrating and supporting AI to Lean 4.0[15]. 

Him, Poh and Pheng (2019) provide a technique for utilizing IoT-based predictive maintenance to optimize 

manufacturing operations. It provides an example of how to forecast a manufacturing failure using an IIoT 

solution. Several intelligent sensors on this welding equipment provide the data. Utilizing statistical process 

control techniques, it is observed. In order to identify anomalous data patterns and uncover hidden relationships 

in the data sets, ML methods are used. The types of manufacturing processes normal and welding problems are 
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identified using classification techniques based on data patterns, which are then represented in prediction 

models. The factors most responsible for the failure are determined[16]. 

Kostolani, Murin, and Kozak (2019) focus on creating an efficient method for parameter visualization of the 

manufacturing process, utilizing augmented reality smart glasses for real-time process control. The maintenance 

view evaluates the data gathered from the electric monorail system's condition monitoring sensors in real time. It 

is possible to forecast production failures by highlighting critical values from the sensor field. The significance, 

effectiveness, and potential for use in various contemporary industrial processes will be illustrated using a real-

world example from the automotive sector, with an emphasis on rule-based intelligent predictive maintenance 

control [17]. 

Zhao et al. (2018) Improving the manufacturing process's intellectualization greatly depends on the process 

quality's dynamic control. Monitoring and assessing the machining state in real time facilitates intelligent 

process quality management. This study optimizes the multidimensional real-time monitoring parameters in the 

machining process using the Stacked Autoencoder (SAE), due to the time-varying, coupling, and dynamic 

nature of the parameters, as well as the real-time dynamic correlation and nonlinear relationship between the 

processing state and product quality [18]. 

Gu et al. (2017) Production, quality, and maintenance are closely related. One efficient technique to prevent 

malfunctions and Predictive maintenance is used to guarantee the production system operates steadily, which 

also enhances the manufacturing reliability of the system and the calibre of its output. Predictive maintenance 

decision-making incorporates product quality control in a novel approach to predictive maintenance that is 

provided in connection with intelligent manufacturing idea "prediction and manufacturing#x201D." Lastly, to 

demonstrate the efficacy of the suggested approach, a case study on the predictive maintenance plan decision-

making for a cylinder head production system is shown[19].  

Kanawaday and Sane (2017) The manufacturing use of IoT technology that gathers machine data from 

utilizing several sensors and a variety of algorithms to extract valuable data is known as the "industrial Internet 

of Things" (IIoT). For predictive modeling, the date-time component, which is often included in data collected by 

machines, is essential. Using time series data collected from multiple sensors on a slitting machine, this study 

examines the application of Autoregressive Integrated Moving Average (ARIMA) forecasting to identify 

potential failures and quality issues, ultimately enhancing the manufacturing process as a whole. ML is therefore 

a crucial part of the IIoT, with applications in maintenance cost reduction, quality control and management, and 

general industrial process optimization[20]. 

Table I lists the most important studies on ML applications in quality control and predictive maintenance 

for a variety of sectors, highlighting diverse approaches, notable achievements like accurate fault detection and 

efficiency gains, while also emphasizing challenges such as scalability, real-time validation, and limited 

generalizability. 

Table 1: Literature Summary on ML Techniques for Quality Assurance and Predictive Preservation in Manufacturing 

Reference Focus On Approach Key Findings Challenges Limitations/Gaps 

Weber & 

Reimann 

(2020) 

Model 

management in 

manufacturing 

Discusses need 

for systems to 

manage diverse 

ML models and 

metadata 

Importance of 

associating models 

with 

business/domain 

context 

Lack of domain-

aware model 

management 

systems 

Existing systems do 

not provide 

comprehensive 

overviews for non-

experts 

Perico & 

Mattioli 

(2020) 

AI with Lean 

Manufacturing 

Integration 

(Lean 4.0) 

Conceptual 

framework 

integrating AI 

with Industry 4.0 

and Lean 

AI can improve 

process control and 

knowledge flow in 

Lean systems 

Difficulty in 

perceiving AI’s 

full potential in 

Lean 

No empirical 

validation or real-

world case 

implementation 

discussed 

Him, Poh & 

Pheng (2019) 

Predictive 

maintenance 

with IoT 

Data from 

welding machine 

sensors + SPC + 

ML classification 

Identifies defect 

patterns; 

differentiates 

normal vs. faulty 

Complexity of 

handling large 

sensor data 

streams 

Real-time scalability 

and generalization 

across machines 
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states 

Kostolani, 

Murin & 

Kozak (2019) 

Smart glasses for 

predictive 

maintenance 

Visualization 

using AR glasses 

+ sensor 

monitoring on 

monorail system 

Enables predictive 

alerts for 

breakdowns in real-

time 

Integrating AR 

with real-time 

data processing 

Focused on a specific 

system; lacks broad 

generalizability 

Zhao et al. 

(2018) 

Real-time quality 

monitoring in 

machining 

Uses Stacked 

Autoencoders 

(SAE) for 

dynamic process 

optimization 

SAE captures 

nonlinear, dynamic 

correlations for 

quality prediction 

Managing time-

varying, coupled 

parameters in real 

time 

Specific to machining; 

transferability to other 

domains untested 

Gu et al. 

(2017) 

Predictive 

maintenance 

with quality 

integration 

Predictive 

maintenance 

linked to product 

quality decisions 

Enhances 

manufacturing 

reliability and 

product quality 

Balancing 

maintenance and 

quality decisions 

simultaneously 

Needs more industrial 

validation and cross-

sector application 

Kanawaday 

& Sane 

(2017) 

IIoT for quality 

forecasting 

Time-series 

sensor data + 

ARIMA for 

defect/failure 

prediction 

ARIMA effective in 

forecasting quality 

issues in slitting 

machines 

Temporal data 

synchronization 

and modeling 

complexity 

Limited to ARIMA, 

lacks comparison with 

advanced ML methods 

6. Conclusion and Future Work 
Traceability and transparency have long been critical issues in supply chain activities. Typical pain points 

include critical intermediaries, process hand-offs, over-centralized business operations, etc. Blockchain, as a 

distributed shared ledger technology, may help increase traceability and extend sup-ply chain visibility by its 

consensus mechanism and shared ledger. Traceability and transparency have long been critical issues in supply 

chain activities. Typical pain points include critical intermediaries, process hand-offs, over-centralized business 

operations, etc. Blockchain, as a distributed shared ledger technology, may help increase traceability and 

extend sup-ply chain visibility by its consensus mechanism and shared ledger. 

In the field of industrial maintenance and reliability engineering, predictive maintenance (PdM) enabled by 

ML is a breakthrough. This paper provided a detailed exploration of the methodologies, algorithms, and 

interpretable ML techniques used in Pd.M. applications. The study highlighted that supervised, unsupervised, 

and reinforcement learning methods each serve critical roles, depending on the availability of data and the 

prediction objectives. Additionally, condition-monitoring methods such motor current evaluation, vibration 

analysis, thermography, visual inspection, and sonic analysis were shown to be essential parts of Pd.M. systems. 

The inclusion of interpretable machine learning (iML) methods enhances model transparency and facilitates 

more effective human-machine collaboration in industrial contexts. Techniques such as DT, attention 

mechanisms, digital twins, and statistical models improve the trustworthiness and deployability of ML systems 

in real-world settings. However, widespread implementation still faces notable challenges including poor data 

quality, high initial investment, limited expertise, and resistance to change, which must be addressed to unlock 

ML’s full potential. 

To increase ML's uptake and efficacy in quality assurance and predictive maintenance, Future studies ought 

to focus on creating scalable, real-time, and domain-specific models capable of handling heterogeneous 

industrial data. Emphasis should be placed on improving data preprocessing techniques, automating feature 

selection, and reducing model complexity without sacrificing performance. Interdisciplinary collaboration 

between ML researchers, engineers, and domain experts will be vital for building interpretable, user-friendly 

systems. Additionally, ML can provide continuous simulation and monitoring capabilities when combined with 

cutting-edge technologies, such as digital twins and the IoT, allowing for flexible responses to changing 

operating conditions. 
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