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Abstract 
Data analytics in mechanical engineering, in particular, has changed the way 
things are made and maintained by giving people a way to make decisions based 
on data and predictions.  In the past few years, mechanical systems have been 
able to collect a lot of operational data from sensors, controllers, and monitoring 
devices. This raw data can then be turned into useful information.  This 
review compiles the open access research on applying data analytics to improve 
mechanical systems with the help of predictive maintenance, problem detection, 
and process optimization. This research focuses on data preparation, feature 
extraction, statistical model development, and the application of predictive 
frameworks to enhance asset reliability and production efficiency. It also examines 
current trends such as digital twin integration, real time monitoring, and hybrid 
analytics, which integrate machine learning with physical modeling. This paper 
examines previous studies and identifies some major issues, such as data 
inconsistencies, insufficient error labels, and scaling difficulties. Then, it suggests 
ways to fix these problems. Overall, this research gives mechanical engineers a 
good overview of how to use data analysis to get better results, be more reliable, 
and become sustainable in factories. 
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1. INTRODUCTION
The widespread use of sensors, industrial control 
systems, and networked production systems leads to a 
lot of operational data in today's mechanical settings 
(Xu et al., 2020) [8]. Mechanical engineering has 
traditionally used physics-based design and reliability 
modeling. But, the increased data from industrial 
equipment allows for a data driven model that pulls 
predictive insights straight from measurable 
performance (Geary et al., 2023) [9]. This change 
helps global Industry 4.0 by offering things like 
predicting when machines will need repairs, 
improving processes, and controlling production (Sala 
et al., 2025) [4]. 
Mechanical systems create various type of data, like 
vibration and sound of machine, readings for 
temperature and pressure through sensors, PLC logs, 

and quality control images (Fathi et al., 2024)[7]. 
Turning this data into practical engineering 
knowledge means setting up structured processes to 
clean, sync, pull out key features, and change the data 
(Xu et al., 2020)[8]. Studies reveal that good 
preprocessing makes models more stable and accurate 
in manufacturing and maintenance (Koković et al., 
2024)[2]. 
Many types of analysis methods have worked out well 
in mechanical fields. Classical statistical methods, 
such as regression, time series analysis, and 
dependability modeling, are still required for 
understandable forecasts and engineering 
interpretability (Bucay-Valdiviezo et al., 2023) [6]. 
Using high-quality data and engineering restrictions 
improves the accuracy of predictive analytics 
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techniques like ensemble models and probabilistic 
learning (Koković et al., 2024)[2]. Visualization and 
human-centered dashboards connect data science and 
shop floor choices by mapping analytic outputs to key 
performance indicators (KPIs) such mean time 
between failures (MTBF) and equipment availability 
(Cheng et al., 2022) [5]. 
The use of data analytics in mechanical engineering 
enhances production processes and allows for 
predictive maintenance of machinery. This reduces 
downtime, boosts efficiency, and helps to regulate 
equipment expenses (Sang et al., 2021; Geary et al., 
2023).  [3, 9]. Real-time systems illustrate that the 
integration of analytical methods with physics-based 
simulations improves the prediction of errors and 
operational outcomes, thereby increasing the 
reliability of intricate systems (Fathi et al., 2024) [7]. 
Even after achieving the success, the challenges still 
remain. Data heterogeneity, a lack of labeled fault 
samples, model interpretability, and legacy integration 
are all significant technological issues (Fathi et al., 
2024) [7]. To address these problems, hybrid 
modeling methods should be created. Data 
governance should be improved, and adaptable 
systems that integrate local and cloud computing 
resources should be put in place (Daya et al., 2024) 
[11]. 
This paper looks at recent, free articles to chart the 
whole data analysis process in mechanical 

engineering, from gathering and preparing data to 
creating models, putting them to use, and helping 
with choices. The objective is to equip mechanical 
engineers and data practitioners with a viable, 
publishable path for applying data analytics to convert 
manufacturing and maintenance into predictive, 
measurable, and financially efficient procedures [1–
12]. 
 
2. Methodology 
This section describes the systematic strategy used to 
find and assess relevant open access research on data 
analytics applications in mechanical engineering. This 
review uses a structured approach. It focuses on being 
clear, repeatable, and useful for engineers who solve 
real-world production and maintenance problems 
with data. 
[1–12]. 
2.1 Search Strategy 
This research used publications from 2020 to 2025,  
only focusing on open-access materials. And used 
databases like ScienceDirect, MDPI, SpringerOpen, 
InTechOpen, ResearchGate, and arXiv. Search terms 
covered both mechanical engineering systems and 
data analytics techniques. Search strings included 
combinations like mechanical system AND data 
analytics, predictive maintenance and manufacturing, 
and reliability analysis and sensor data [1–12]. 
 

 
Table 1: Summary of Review Methodology 

 
Steps 

 
Description 

Search Keywords “mechanical engineering,” “data analytics,” “predictive maintenance,” “manufacturing 
optimization,” “reliability analysis,” “digital twin” 

Time Range 2020–2025 
Databases Searched ScienceDirect, MDPI, SpringerOpen, IntechOpen, ResearchGate, arXiv 
Inclusion Criteria Focus on mechanical systems, manufacturing, maintenance, and predictive analytics; open-

access availability; English language 
Exclusion Criteria AI only or computer science focused papers without mechanical context 
Screening Process Initial pool (~100 papers) → relevance screening → 12 final studies included 
Themes Identified Data collection, preprocessing, modeling, manufacturing analytics, predictive maintenance 

 
 
 
 
 

 
 
 
2.2 Screening and Selection 
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The titles and abstracts were reviewed for relation to 
the fundamental issues of data analytics, predictive 
maintenance, and manufacturing efficiency. Studies 
that centered solely on algorithmic development 
without an engineering setting were omitted. 

Following two screening rounds, 12 open access 
papers were chosen for in-depth examination and 
synthesis [1–12]. 
 
 

 

 
Figure 1: Review Selection Flow 

 
2.3 Data Extraction and Thematic Synthesis 
Each chosen paper was analyzed to derive consistent 
information about: 
 Preprocessing and feature engineering 

techniques.  
 Modeling approaches (statistical, ML-based, or 

hybrid).  
 The data sources used (sensor, production, or 

maintenance data).  
 Reported outcomes in reliability, cost reduction, 

or throughput improvement.  
 
Studies were grouped into five themes: 
1. Data preprocessing and feature engineering. 
2. Analytical modeling and decision support. 
3. Manufacturing optimization. 

4. Predictive maintenance. 
5. Data collection and integration. 
 
The data were then combined into a narrative to show 
common practices and repeated lessons across 
industries [1–12]. 
 
2.4 Limitations 
The review prioritizes open-access articles, which 
means that proprietary industrial case studies may be 
eliminated.  The emphasis is on practicality rather 
than exhaustiveness, giving a road map for mechanical 
engineers to follow when developing data driven 
applications.  Despite this, the evaluation is based on 
a balanced combination of academic research and 
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industrial applications, assuring technical depth and 
real world relevance. [1–12]. 
 
3. Literature Review 
Data analytics integration in mechanical engineering 
has progressed quickly in recent years, owing to 
developments in sensing, connectivity, and 

computing capacity. Analytics has enabled engineers 
in the manufacturing and maintenance sectors to 
convert raw machine and process data into actionable 
insights that increase productivity, dependability, and 
decision-making (Okirie et al. [10]; Geary et al. [9]). 
 
 

 
Figure 2. General Framework of Data Analytics in Mechanical Engineering 

 
3.1 Data Collection and Integration 
Sensors and IoT enabled devices are integrated into 
modern mechanical systems, generating vast amounts 
of operating data on a continual basis. This data 
contains vibration signals, temperature readings, 
pressure fluctuations, and torque measurements. 
Advanced data collection lays the groundwork for 
predictive analytics by assuring the quality and 
consistency of incoming data streams (Xu et al., 2020) 
[8]. Integrating these data sources from different 
equipment and systems necessitates well-structured 
industrial communication, which enables real-time 
synchronization and monitoring (Xu et al., 2020) [8]. 
Cloud-based storage systems are becoming 
increasingly popular, providing scalable infrastructure 
for long-term data logging and remote access (Fathi et 
al., 2024) [7]. 
 
3.2 Data Preprocessing and Feature Engineering 
Noise, missing numbers, and inconsistencies are 
common in raw mechanical data and must be rectified 
prior to analysis. Data preparation ensures that 
datasets are appropriate for modeling and 
interpretation. Normalization, outlier elimination,  
 

 
and signal filtering are common methods for 
improving data quality (Fathi et al., 2024) [7]. Feature 
extraction approaches, particularly those based on 
statistical and frequency-domain analysis, can help to 
minimize complexity while keeping key fault features. 
The selection of relevant features, such as those 
derived from vibration and time-series data, not only 
enhances model accuracy but also minimizes 
computing cost during training and validation 
(Koković et al., 2024) [2]. 
 
3.3 Analytical Modeling and Machine Learning 
Applications 
Following data cleaning and processing, numerous 
modeling approaches are used to identify trends and 
anticipate system behavior. This stage is dominated by 
machine learning and statistical modeling, which 
range from regression-based fault detection to 
equipment health categorization (Sheuly et al., 2021) 
[1]. 
In scenarios with inadequate historical fault data, 
traditional statistical methods, such as SARIMA for 
time-series forecasting, are extremely successful for 
sustainable maintenance practices (Bucay-Valdiviezo 
et al., 2023)  [6].  Complex machine learning 
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techniques, such as Artificial Neural Networks 
(ANNs), outperform in modeling detailed probability 
distribution parameters for equipment downtime 
(Koković et al., 2024).  [2].  Hybrid modeling, which 
blends physics-based equations with data-driven 
algorithms, enhances the reliability and 

interpretability in predictive maintenance 
applications, such as Bayesian network models used to 
estimate gas turbine availability (Okirie et al., 2025).  
[10]. 
 

 
Figure 3: Distribution of Primary Analytical Techniques Used in the Literature Review 

 
3.4 Decision Support and Visual Analytics 
The output of complicated analytical models is linked 
to shop-floor decisions via visualization and human-
centered dashboards (Cheng et al., 2022) [5].  These 
technologies convert analytic data into KPIs such as 
MTBF and equipment availability.  The evaluation of 
visual analytics in predictive maintenance underlines 
that the effectiveness of data-driven systems is 
dependent on their capacity to communicate 
interpretable results to domain experts, allowing for 
action and reducing false alarms (Cheng et al., 2022) 
[5]. 
 
 

 
3.5 Manufacturing Optimization 
Data analytics has also increased production efficiency 
by allowing for process modeling, quality prediction, 
and throughput optimization.  Real-time data streams 
can help identify bottlenecks, monitor tool 
conditions, and avoid unplanned downtime (Sang et 
al., 2021) [3].  Engineers can utilize predictive 
algorithms to optimize machining settings  
and manufacturing processes.  This data-driven 
method lays the framework for fully autonomous and 
adaptable manufacturing systems, especially in the 
context of flexible manufacturing (Sang et al., 2021) 
[3]. 
 

Table 2. Key Studies in Data Analytics for Mechanical Engineering 
 
Author (Year) 

 
Focus Area 

Sheuly et al. (2021) [1] Statistical and ML 

Koković et al. (2024) [2] Downtime Modeling 
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Sang et al. (2021) [3] Integrated PM/Scheduling 

Sala et al. (2025) [4] Maintenance Research Review 

Cheng et al. (2022) [5] Visual Analytics Review 

Bucay-Valdiviezo et al. (2023) [6] Sustainable Maintenance 

Fathi et al. (2024) [7] Comprehensive PM Guide 

Xu et al. (2020) [8] Data Collection 

Geary et al. (2023) [9] Manufacturing Reliability 

Okirie et al. (2025) [10] PM/Availability 

Daya et al. (2024) [11] Reliability/Scalability 

Zhao et al. (2023) [12] Data Fusion/Framework 

 
3.6 Summary of Findings 
Overall, the studied literature shows that data 
analytics improves both the operational and strategic 
aspects of mechanical engineering. Its effectiveness is 
dependent on a well-designed data pipeline that 
includes acquisition, preprocessing, modeling, and 
feedback application. Advanced analytical models, 
hybrid physical-data methods, and sensor-driven 
prediction systems are at the heart of this continuous 
digital transition (Okirie et al., 2025; Fathi et al., 
2024) [10, 7]. 
 
4. Predictive Maintenance and Manufacturing 
Optimization 
The practical relevance of data analytics in mechanical 
engineering is particularly visible in two important 
areas: predictive maintenance and industrial 
optimization. These topics show how data-driven 
insights may turn daily engineering decisions into 
measurable performance benefits (Geary et al., 2023; 
Sang et al., 2021) [9, 3]. 
 
4.1 Predictive Maintenance 

 
Predictive maintenance forecasts potential equipment 
breakdowns using both historical and real-time data. 
Unlike traditional maintenance schedules, which are 
based on defined time intervals, data-driven systems 
adjust to real operating circumstances. Vibration and 
temperature data, for instance, are early indicators of 
bearing wear and  
 
 
rotor imbalance in rotating equipment (Koković et al., 
2024) [2]. 
Machine learning techniques, such as LSTM, are 
widely utilized to detect subtle failure patterns and 
estimate remaining useful life (RUL) (Sang et al., 
2021).  [3].  Hybrid models that integrate physics-
based degradation equations with real-time data 
analytics result in much enhanced dependability 
predictions (Okirie et al., 2025).  [10].  Furthermore, 
integrating predictive maintenance frameworks into 
corporate systems enables automated maintenance 
scheduling and resource optimization, which are 
critical components of flexible manufacturing (Sang et 
al., 2021) [3]. 
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Figure 4. Predictive Maintenance Workflow in Mechanical Systems 

 
4.2 Manufacturing Optimization 
Manufacturing optimization use data analytics to 
improve output, product quality, and resource 
efficiency.  Real-time process monitoring allows for 
early diagnosis of production bottlenecks and material 
fluctuations, resulting in increased throughput (Geary 
et al., 2023) [9].  Engineers can utilize predictive 
algorithms to optimize machining settings and 
manufacturing processes.  Production lines can 
automatically alter feed rates and spindle  
 

 
 
speeds, increasing throughput and lowering operating 
costs, especially when quality control is prioritized 
(Sheuly et al., 2021) [1]. 
One major advantage of data-driven manufacturing is 
the capacity to use a data-rich environment to create 
flexible manufacturing systems.  These systems 
continually evaluate data from production processes, 
enabling adaptive parameter change and increased 
throughput (Sang et al., 2021) [3]. 
 

Table 3. Impact of Data Analytics on Manufacturing Performance 
 
Study 

 
Optimization Focus 

 
Technique Used 

 
Outcome 

Sheuly et al. [1] Quality Control / Fault 
Identification 

Artificial Neural 
Networks 

 In comparison to 
traditional statistics, 
predictive accuracy for key 
quality metrics is excellent. 

 Proactive quality assurance 
in the manufacturing 
process. 

Koković et al. [2] Downtime Risk 
Characterization 

ANN Modeling of 
Probability 
Distributions 

 Downtime probability 
characteristics are modeled 
with 30% greater precision. 

 Enhanced maintenance 
budget planning and risk 
predictions. 
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Sang et al. [3] Optimized 
Maintenance 
Scheduling  

LSTM (RUL 
Prediction) and 
Optimization 
Algorithm 

 Optimal scheduling 
resulted in lower total 
maintenance costs while 
increasing production 
profits. 

 Enabled flexible 
manufacturing system 
optimization 

Bucay-Valdiviezo et al. 
[6] 

Sustainable 
Maintenance and Long 
term Downtime 

Classical Statistics 
(SARIMA) 

 Effective long term 
downtime forecasting for 
resource planning with 
minimal historical fault 
data. 

 Supported long term, 
noninvasive maintenance. 

Fathi et al. [7] Data Quality and 
Framework 

Theoretical and 
Framework Review 

  Emphasized the critical 
role of data quality and 
feature engineering in 
model performance and 
maintenance success. 

Cheng et al. [5] Visual Analytics and 
Decision Support 

Systematic Literature 
Review on Visualization 
Tools 

 Visual Analytics is essential 
for integrating human 
knowledge and reducing 
false alarms in PdM 
systems. 

Xu et al. [8] Data Collection and 
Synchronization 

Review and Framework 
on Data Driven 
Manufacturing 

 Highlighted the 
importance of enhanced 
sensors and strict data 
synchronization in real-
time manufacturing 
operations. 

Geary et al. [9] Overall Equipment 
Effectiveness  

Operational Data 
Analysis 

 Significantly improved 
OEE and important 
reliability parameters (such 
as MTBF). 

 Enhanced visibility into 
asset performance 
bottlenecks. 

Okirie et al. [10] System Availability and 
Fault Prediction 

Bayesian Network, 
Hybrid ML Model 

 Better system availability 
for key assets (such as gas 
turbines) and reduced false 
alarms. 

 Increased trust in operating 
hours. 

Daya et al. [11] Reliability and 
Scalability 

Theoretical Case Study   Scalable architectures and 
hybrid data techniques 
have been advocated for 
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managing large-scale fleet 
reliability. 

Zhao et al. [12] Data Fusion Framework Theoretical Framework  Advanced data fusion 
frameworks were 
highlighted as necessary for 
integrating varied sensor 
and system data for holistic 
predictions. 

 
4.3 Research gaps 
The literature review reveals major shortcomings that 
prevent the widespread and trustworthy 
implementation of predictive analytics.  While ML 
models have excellent predicted accuracy, their "black-
box" nature makes it difficult for engineers to 
comprehend the reasoning behind the forecasts, 
limiting industry adoption of safety-critical 
technologies (Cheng et al., 2022) [5].  This problem is 
exacerbated by the difficulty of integrating  
 
 
disparate data and enabling real-time scalability in 
legacy systems (Fathi et al., 2024) [7].  Future research 
should focus on Explainable AI (XAI) and hybrid 
models that effectively combine physics-based 
knowledge with data-driven insights to promote trust, 
interpretability, and reliability in industrial settings 
(Fathi et al., 2024) [7]. 
 
 
4.4 Implications for Practice 
The findings indicate that engineering firms can 
considerably improve asset performance by 
implementing AI-powered maintenance and 
optimization technologies.  However, implementation 
should be governed by sound data governance 
principles and a significant emphasis on data quality 
(Fathi et al., 2024) [7].  Training engineers to 
understand analytic results and fostering 
collaboration between data scientists and domain 
experts is critical, since the evaluated research hint to 
a future in which AI serves as a decision support 
partner rather than a replacement for human 
judgment (Cheng et al., 2022) [5]. 
 
4.5 Summary 

Overall, the analyzed research indicates that predictive 
maintenance and industrial optimization are the two 
most advanced applications of data analytics in 
mechanical engineering.  They directly translate raw 
operational data into improved dependability, cost 
savings, and strategic asset management (Geary et al., 
2023; Sala et al., 2025).  [9, 4].  Furthermore, the shift 
to hybrid analytical models and the emphasis on 
visual analytics assures that data-driven decisions are 
effective and understandable in modern industrial 
settings (Fathi et al., 2024; Cheng et al., 2022) [7, 5]. 
 
5. Challenges and Future Trends 
While data analytics has proven transformative in 
mechanical engineering, a number of technological 
and operational challenges continue to limit its 
widespread use.  At the same time, emerging 
technologies like edge computing, 5G, and hybrid AI 
models are laying the groundwork for future 
breakthroughs (Sala et al., 2025; Fathi et al., 2024) [4, 
7]. 
 
5.1 Challenges in Data Analytics Implementation 
1. Data Quality and Integration 
Mechanical systems generate large amounts of diverse 
data, which is usually collected at varying sampling 
rates.  Inconsistent data formats and missing values 
might cause errors in analysis or model bias (Fathi et 
al., 2024) [7].  Another impediment to combining 
legacy equipment and modern sensors is the absence 
of standardized communication protocols in older 
systems. 
 
2. Model Interpretability and Reliability 
Although machine learning models can accurately 
predict errors, their "black-box" nature frequently 
makes it difficult for engineers to comprehend the 
reasoning behind the predictions (Cheng et al., 2022) 
[5].  This lack of openness slows industrial adoption 
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of safety-critical technology.  Explainable AI (XAI) and 
hybrid physical-data models are being investigation to 
address this issue (Fathi et al., 2024).  [7]. 
 
3. Cost and Sustainability of Adoption 
While analytical models can save money, the initial 
investment in sensor technology, data infrastructure, 
and training is still prohibitively expensive.  The 
requirement for long-term sustainable maintenance 
solutions that properly balance performance and 
resource utilization is an ongoing challenge (Bucay-
Valdiviezo et al., 2023) [6]. 
 
5.2 Future Trends and Research Directions 
1. Hybrid Modeling 
Future developments will rely largely on the 
combination of data-driven methodologies with 
physics-based models to improve the accuracy and 
confidence of RUL forecasts (Okirie et al., 2025) [10]. 
 
2.  Human-AI Collaboration 
The next generation of mechanical analytics systems 
will prioritize the integration of human expertise and 
AI recommendations.  Rather than replacing 
engineers, these technologies will augment human 
decision-making by delivering data insights in clear 
and understandable ways (Cheng et al., 2022) [5]. 
 
3. Sustainability driven analytics 
Data analytics will be increasingly employed to 
improve energy efficiency, material waste reduction, 
and lifecycle management.  Predictive models will not 
only prevent failures, but they will also help 
accomplish sustainability goals by enhancing 
efficiency and lowering carbon footprints.  (Bucay-
Valdiviezo et al., 2023)[6]. 
 
5.3 Summary 
To summarize, data analytics in mechanical 
engineering is nearing maturity. While technological 
challenges like as data quality and interpretability 
persist, emerging trends such as hybrid AI, explainable 
models, and a focus on operational sustainability are 
influencing a more intelligent industrial future. 
Further research is required to make these systems 
scalable, transparent, and accessible to engineers from 
various fields (Sala et al., 2025; Cheng et al., 2022) [4, 
5]. 

6. Conclusion 
The integration of data analytics into mechanical 
engineering represents a significant change away from 
reactive and preventative maintenance and toward 
predictive, data-driven operational methods.  This 
review has compiled the literature to provide a clear 
road map for using operational data across the entire 
lifecycle, from specialized sensing to advanced 
prescriptive action. 
The main finding is that effective deployment is 
dependent on a painstakingly structured data 
pipeline: rigorous data collection and preprocessing 
[7, 8] must come before advanced analytical modeling 
[1, 2, 10].  The practical success stories, particularly in 
Predictive Maintenance (PdM) and Manufacturing 
Optimization, show quantifiable benefits, such as 
reduced unplanned downtime (due to accurate RUL 
forecasting [3]), increased Overall Equipment 
Effectiveness (OEE) [9], and improved quality control 
[1.  Furthermore, classical statistical models remain 
critical for long-term sustainability and resource 
planning, particularly in data-scarce settings [6]. 
Despite this progress, the future will necessitate 
resolving major gaps.  The industry must advance 
beyond "black-box" models by prioritizing Explainable 
AI (XAI) and creating hybrid analytical frameworks 
that seamlessly combine physics-based knowledge and 
machine learning insights [7, 10].  Scalability, data 
heterogeneity, and the requirement for new 
frameworks to integrate multiple data streams (e.g., 
vessel reliability [11], general AI frameworks [12]) 
remain major problems. 
This study serves as an important reference for 
mechanical engineers as they lead the Industry 4.0 
transformation [4].  Engineers may convert 
manufacturing and maintenance into a predictive, 
dependable, and financially efficient activity by 
mastering data analytics, from model generation to 
human-centric decision support using visual analytics 
[5]. 
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