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Abstract: Continued integration of artificial intelligence (AI), machine learning (ML), and deep 

learning (DL) with modern, smart and sustainable industry domain provide a springboard to the 

Industry 4.0, Industry 5.0, and Society 5.0. These technologies revolutionize operational 

efficiency, sustainability, and innovation in many industries. Predictive maintenance scheduling 

powered by AI lowers downtime and reduces operation expenses. ML algorithms help effective 

demand forecasting and inventory management to make better use of available resources. Through 

the use of DL practices, robust quality control and defect identification for example are possible 

all due to the advancement in manufacturing product quality. In addition, AI-powered automation 

in manufacturing has the ability to scale and flex fuelling an agile industrial world. A smart grid 

with AI integration helps in bringing energy sustainability and efficiency by optimizing the energy 

distribution and pattern of consumption. AI and ML powered autonomous systems reinforce the 

systems that analyse data in real-time, that improve delivery performance and reduce carbon 

footprints in logistics and supply chain management. Moreover, the AI applications in the 

environmental monitoring, supports sustainability, which provides the actionable results in 

controlling the pollution and managing the resources. We see them working along with human 

individuals such as cobots which shows AI is supporting the human-centric design in Industry 5.0. 

The AI, ML and DL convergence has played a key role in the transformation towards the smart 

and sustainable industry and paved way for innovative as well as sustainable solution in the 

contemporary industrial scenario. 
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2.1 Introduction  

The recent technological progress in artificial intelligence (AI), machine learning (ML), 

and deep learning (DL) such as DL, fuelled the emergence of intelligent and green 

industry, over the years in several industrial sectors which helped to create sustainable 

industries (Rao et al., 2022; Rai et al., 2021; Drakaki, et al., 2022). These allow industries 

to boost efficiency, productivity and sustainability with unparalleled data processing, 

pattern recognition abilities, and decision-making capabilities (Rai et al., 2021; 

Lampropoulos, et al., 2023). With global economy under increasing pressure from 

environmental issues, resource scarcity, and the demand for more resilient systems, the 

adoption of AI, ML, and DL within industrial processes is an imperative prong of a 

broader strategy to align with the longer-term sustainability agenda (Lilhore et al., 2021; 

Ahmed, et al., 2022; Paramesha et al., 2024a). These industries are using AI-based 

solutions to enhance operations and reduce waste also improve system performance of 

their respective plants. An example of this is using ML algorithms for predictive 

maintenance that enables to predict when equipment is going to fail so we can fix it before 

it fails, thus reducing downtimes and extending machines life. AI techniques for 

manufacturing enable great precision in production processes, making for higher quality 

products and less wasted material (Bonada et al., 2020; Kumar et al., 2023). Moreover, 

DL models are used for quality assurance, to find faults with great precision in which only 

the best of best productions reaches the markets (Hernavs et al., 2018; Villalba-Díez et 

al., 2020; Paramesha et al., 2024b). The future of sustainability owes a lot to AI. It will 

also help in reducing carbon footprints as more industries have started implementing the 

AI-based energy management systems to monitor and control energy usage. The 

optimization of supply chains is an example of the kind of work ML algorithms can be 

involved in, which helps to make logistics more efficient and helps to reduce emissions 

(Gebhardt et al., 2022; Rane et al., 2024a). In addition, AI can help in developing high-

end recycling processes and waste management systems, in turn, is merging industrial 

practices with environmental sustenance goals, well, let move to some more benefits. 

The contributions of this research work:  

1) A review provides a systematic analysis of AI, ML and DL integration into industrial 

applications from existing studies to extract trends, gaps, and future research 

directions. 

2) Co-occurrence analysis based around commonly used keywords in the literature (core 

themes and concepts), to explain their relationships. 

3) A comprehensive cluster analysis that classifies the research domains into these 

clusters helps in understanding the key areas where AI, ML, and DL are applied in 

smart and sustainable industries as well as in the emerging trends in them. 
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2.2 Methodology 

The study adopts a structured method by including literature review in four phases, 

keyword analysis, co-occurrence analysis, and cluster analysis to map the integration and 

impact of AI, ML and DL in developing smart and sustainable industries. To identify the 

relevant literature published over the past decade, research articles, conference papers and 

reviews were collected from the databases IEEE Xplore, ScienceDirect, Springer Link 

and Google Scholar. Search strategy was conducted to identify the relevant major 

publications about AI/ML/DL for industrial applications (smart and sustainable industry 

types). To make better the search results, we improved search process with specific 

keywords; namely as "smart industry", "sustainable industry", "artificial intelligence", 

"machine learning", "deep learning", "Industry 4.0", "Industry 5.0"and "sustainability". 

For a better understanding of the present scenario, the literature review has been 

performed in order to identify the latest trends occurring in AI, ML and DL adoption 

within the industry as well as the technological breakthroughs associated with the same. 

To select those wards and concepts more often cited in the databases, a keyword analysis 

was done on the literature gathered. This was done by text mining techniques of extracting 

keywords from the abstracts and titles of the papers selected. The search terms and their 

frequency and the distribution of these searches were analysed to present the themes and 

trends identified. This analysis provided a quantitative foundation for highlighting the 

main areas and topics studied in the research field for smart and sustainable industries. 

During the analysis of keywords, co-occurrence analysis was performed to study different 

relationships between the various keywords/concepts identified in the co-occurrence of 

the keyword and concept. The method used was to build a co-occurrence matrix, which 

we can use to see how often different pairs of keywords show up together in the literature. 

Cluster analysis used to group the keywords and concepts into clusters. The study used 

statistical techniques like hierarchical clustering to cluster similar keywords by their co-

occurrence patterns. 

 

2.3 Results and discussions 

Co-occurrence and cluster analysis of the keywords 

The network diagram, reflecting the co-occurrence and clustering of keywords (Fig 2.1). 

The diagram visually represents which keywords are interrelated in terms of frequency of 

their co-occurrences in publications. In the diagram, keywords are divided into many 

groups by one colour. Thus, it is possible to determine that the most prominent term 

associated with many other keywords is “artificial intelligence.” Following it are such 

relevant terms as “deep learning,” “machine learning,” and “internet of things.” This fact 
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emphasizes that AI is of the highest importance and contributes to diverse innovations. 

One of the key sub-groups is the blue one, where only the word “machine learning” is 

highlighted. The authors mention other accompanying terms such as “support vector 

machines,” “forecasting,” “machine learning models,” and “random forests.” One can 

assume that they all describe various types of machine learning methods and algorithms. 

This conclusion is based on the fact that these terms are closely associated with predictive 

analytics and making the right decision. Some of them include the use of the words 

“prediction” and “forecasting,” thus letting the reader presume that it is done to foresee 

future outcomes and tendencies in the industry. 

 
Fig. 2.1 Co-occurrence analysis of the keywords in literature 

The “green cluster’s” deep learning, and learning systems’ concentration areas, are 

adjacent to the machine learning cluster. Words like “neural networks,” “convolutional 

neural network,” “computer vision,” “image processing,” and “object detection” are 

usually found in this cluster. In this case, we are observing the advanced learning methods 

and study their application in the task of recognizing patterns and pictures. In particular, 
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this type stands out with a system in detail which makes it possible to collect and process 

an unfinished generated image as a visual input, since tasks of automation, monitoring, 

quality control in the production of intelligent manufacturing involves. An industry 4.0 

Red cluster that is focused on the “internet of things,” and “Industry 4.0,” mainly puts a 

discussion of topics integrating AI, or machine learning and the “Internet of Things.” Such 

Phrases as “big data,” “cloud computing,” “predictive maintenance,” “energy efficiency,” 

“digital twin,” and “predictive maintenance” give a set of a large number of technologies 

managed to create an intelligent industrial system and unite them on a network level or 

“Industry 4.0,” terms cloud computing and IoT, cyber-physical system integration, 

forming environmentally friendly industrial processes and smart factories. Among them 

all, digital twins, the digital content representation of the property, and predictive 

maintenance were particularly prominent due to the reduction of downtime and our ability 

to make operations as efficient as possible. 

Examples of terms related to healthcare and medical diagnostics that are related to 

artificial intelligence and machine learning are “classification”, “diagnosis”, “algorithm”, 

“diseases”, and “image analysis”. This type of cluster demonstrates the advantages of 

transdisciplinary AI technologies and how they can be beneficial for various branches, 

such as healthcare. In healthcare, image analysis and prediction algorithms may make a 

very impressive difference for providing patient care and improving the precision of 

diagnostics. Natural languages and natural language processing form another cluster of 

words and are related to the fact AI learns human language to some extent. The terms 

found in this cluster include “federated learning”, “network architecture”, “reinforcement 

learning”, and “data privacy”. This homogeneity of terms means that having advanced 

NLP in AI is a significant goal of researchers, and data should be private and secure while 

used in AI systems. Federated learning is of specific importance in this context because it 

allows train models in a decentralized manner with the data privacy being freeze-dried. 

The fact “security”, “cybersecurity, “network security”, and “data privacy” are used 

means that AI and IoT become more and more important for counteracting online threats. 

Business becomes more networking-oriented and relies upon data, so cybersecurity is 

important to protect the data and the integrity of the systems. The word “human” and 

concepts related to it, such as “systematic review”, “cost-effectiveness”, “performance”, 

and “optimization” means everything related to using AI and machine learning 

technologies is human-centered. The terms mean that algorithms should be used based on 

trying to achieve the best human performance, optimize everything at low cost, and 

perform analyses to measure the effectiveness and significance of AI applications. It is 

important to make sure that all technological advancements do not oppose society but 

cater to human needs. 
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Applications of artificial intelligence, machine learning, and deep learning in smart 

and sustainable industry 

Enhancing manufacturing processes 

AI and ML are playing a central role in optimizing manufacturing processes (Zheng et al., 

2021). ML algorithms help in offering predictive maintenance, which helps in 

determining potential equipment failure before they become one (Angelopoulos et al., 

2019; Rai et al., 2021). This work is done by the algorithms that, analyzing the data 

obtained from the sensors built in the machinery, predict when a machine will fail and 

thus minimize the downtime and maintenance cost (Rai et al., 2021; Paramesha et al., 

2024c). This proactive mindset not only increases operational efficiency but also increases 

equipment life, which helps sustainability by reducing waste. Another key use case is 

quality control driven by AI. DL-based vision systems are able to perform non-invasive 

inspections at superspeed, providing zero-defect inspections for applications where 

human inspectors might fail (Hernavs et al., 2018; Rane et al., 2024b). This decreases the 

chances of returns and rework, which leads to a lower introduction of products with a 

lower quality. 

Smart energy management 

In the energy sector as well AI, ML, and DL play a significant role in the management of 

smart grids (Mostafa et al., 2022; Mourtzis et al., 2022). These technologies provide live 

insights into actual energy usage patterns and the power grid can therefore adapt 

dynamically to the patterns in real time, making better supply to meet the demand. This 

will improve energy efficiency on every level from peak usage times these algorithms can 

predict and distribute the energy to create immense waste. AI also plays a key role in 

integrating renewable energy sources into the grid (Moreno et al., 2021; Mostafa et al., 

2022; Paramesha et al., 2024d). AI systems can predict the supply of solar and wind 

energy by analysing historical data, as well as forecasting weather conditions. Ramping 

up and down wind and solar farms to follow such predictions is crucial for providing a 

consistent renewable energy supply to the grid, keeping fossil fuel resources untapped, 

promoting sustainability. 

Advancing smart agriculture 

AI and ML in agriculture are changing conventional farming into precision agriculture 

(Shaikh et al., 2022). Systems powered by AI to enhance precision in analysing soil 

health, monitoring crop conditions, and predicting output with high accuracy (Gera et al., 

2022; Pallathadka et al., 2022). Drones, which have AI-powered cameras mounted on 

them, provide a constant and realtime update of the health of the crops and hence the 
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farmers can take timely action such as only where it is needed by applying fertilizers or 

pesticides (Shaikh et al., 2022). This directed breeding not only improves the yield of the 

crops but also drastically decreases the use of chemicals, thereby promoting sustainable 

agricultural practices. Furthermore, agricultural AI also plays a role in optimizing 

irrigation systems. AI algorithms studying weather data and the moisture content of soil 

can help decide the precise amount of water a crop needs, saving water and ensuring its 

sustainable use. Table 2.1 shows the applications and techniques of artificial intelligence 

in smart and sustainable industry. 

Intelligent Transportation Systems (ITS) 

AI used to design intelligent transportation systems which are crucial for the development 

of modern smart and sustainable cities, contributes the most to sustainability (Akhmatova 

et al., 2022; Lom et al., 2016). More specifically, one of the most common uses of AI in 

ITS is the optimization of traffic flow (Gong, 2022; Rane et al., 2024c). Real-time data 

from traffic sensors and cameras are analyzed by AI algorithms in order to dynamically 

adjust traffic signals. This practice helps to reduce congestion and decrease emissions 

produced by vehicles due to idling. In addition, in logistics, AI is used for route 

optimization, helping delivery vehicles to switch to more efficient routes and reduce the 

consumption of fuel and generation of emissions. Finally, on a larger scale, AI helps to 

power autonomous vehicles, the development of which is based on DL algorithms. In 

turn, the use of AVs increases the safety of transportation and allows to decrease the 

number of vehicles, as human-related issues are one of the main causes of traffic 

accidents. Public transportation systems can also be AI-powered to help analyze data and 

optimize routes for each type of destination and users’ schedule, thus, increasing their use 

and reducing the need for private transportation, which is one of the biggest sources of 

urban pollution. 

Table 2.1. Applications and techniques of artificial intelligence in smart and sustainable 

industry 

References Application 

Area 

AI 

Techniques 

ML 

Techniques 

DL 

Techniques 

Description 

Drakaki et 

al., (2022) 

Predictive 

Maintenance 

Expert 

systems, 

Anomaly 

detection 

Regression 

analysis, 

Decision trees, 

Random forests 

Convolution

al Neural 

Networks 

(CNNs), 

Recurrent 

Neural 

Networks 

(RNNs) 

Predicting 

equipment 

failures 

before they 

occur by 

analyzing 

sensor data 

and 
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historical 

maintenance 

records. 

Angelopoul

os et al., 

(2019); 

Kotsiopoulo

s et al., 

(2021) 

Quality 

Control and 

Inspection 

Machine 

vision, 

Pattern 

recognition 

Support Vector 

Machines 

(SVMs), 

Clustering 

algorithms 

CNNs, 

Autoencode

rs 

Automated 

inspection of 

products 

using image 

analysis to 

detect 

defects. 

Bahrpeyma, 

& Reichelt, 

(2022); 

Mazzei, & 

Ramjattan, 

(2022) 

Supply 

Chain 

Optimization 

Intelligent 

agents, 

Decision 

support 

systems 

Reinforcement 

learning, 

Optimization 

algorithms 

Long Short-

Term 

Memory 

(LSTM) 

networks, 

Deep Q-

Networks 

(DQN) 

Optimizing 

logistics, 

inventory 

management

, and demand 

forecasting. 

Ahsan et al.,  

(2023); 

Guato 

Burgos et 

al., 

(2024); 

Khalil et al., 

(2021) 

Energy 

Management 

Smart grids, 

Energy 

consumption 

modeling 

Time series 

forecasting, 

Ensemble 

methods 

LSTM 

networks, 

Generative 

Adversarial 

Networks 

(GANs) 

Monitoring 

and 

optimizing 

energy usage 

in 

manufacturi

ng processes 

and 

buildings. 

Bilal et al.,  

(2019); 

Çınar et al., 

(2020) 

Smart 

Manufacturi

ng 

Robotics, 

Process 

automation 

Bayesian 

networks, K-

Nearest 

Neighbors 

(KNN) 

CNNs, 

RNNs 

Automating 

manufacturi

ng processes, 

enhancing 

robotics, and 

improving 

human-robot 

collaboration

. 

Tatipala et 

al.,  

(2021); 

Bilal et al., 

(2019) 

Product 

Design and 

Developmen

t 

Generative 

design, 

Simulation 

Genetic 

algorithms, 

Clustering 

Variational 

Autoencode

rs (VAEs), 

GANs 

Using AI to 

create 

innovative 

product 

designs and 

simulate 
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performance 

under 

different 

conditions. 

Oláh et al., 

(2020); 

Javaid et al., 

(2022) 

 

Environment

al 

Monitoring 

Sensor 

networks, 

Environment

al modeling 

Regression 

analysis, 

Clustering 

CNNs, 

RNNs 

Monitoring 

air and water 

quality, 

predicting 

environment

al changes, 

and 

managing 

resources. 

Júnior et al.,  

(2021); 

Savković et 

al., (2021) 

Worker 

Safety and 

Training 

Wearable 

technology, 

Safety 

analytics 

Classification 

algorithms, 

Reinforcement 

learning 

CNNs, 

RNNs 

Monitoring 

worker 

health and 

safety, 

providing 

real-time 

feedback, 

and 

personalized 

training. 

Khatter et 

al.,  

(2021); 

Pereira et 

al., (2023) 

 

Customer 

Service and 

Support 

Chatbots, 

Virtual 

assistants 

Natural 

Language 

Processing 

(NLP), 

Sentiment 

analysis 

Transformer 

models, 

RNNs 

Providing 

24/7 

customer 

support, 

handling 

inquiries, 

and 

resolving 

issues. 

Mahmoodi 

et al., 

(2024); 

Grillo et al.,  

(2022) 

Sustainable 

Resource 

Management 

Resource 

allocation 

algorithms, 

Optimization 

Predictive 

analytics, Time 

series analysis 

RNNs, Deep 

belief 

networks 

(DBNs) 

Managing 

natural 

resources 

efficiently, 

optimizing 

usage, and 

minimizing 

waste. 

Gera et al., 

(2022); 

Smart 

Agriculture 

Precision 

farming, 

Decision trees, 

Random forests 

CNNs, 

RNNs 

Monitoring 

crop health, 
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Pallathadka 

et al., 

(2022);  

Shaikh et 

al., (2022) 

Crop 

monitoring 

optimizing 

irrigation, 

and 

improving 

yield 

prediction. 

Motroniet et 

al., (2021); 

Nagy, & 

Lăzăroiu, 

(2022) 

 

Autonomous 

Vehicles 

Path 

planning, 

Sensor 

fusion 

Reinforcement 

learning, 

Bayesian 

networks 

CNNs, 

RNNs 

Enabling 

self-driving 

cars to 

navigate, 

detect 

obstacles, 

and make 

decisions 

autonomousl

y. 

Kotsiopoulo

s et al., 

(2021) 

Smart Grids Load 

forecasting, 

Fault 

detection 

Time series 

analysis, 

Clustering 

LSTM 

networks, 

Autoencode

rs 

Managing 

electricity 

distribution, 

detecting 

faults, and 

optimizing 

load 

balancing. 

Paul et al.,  

(2021); 

Popov et al., 

(2022) 

 

Smart 

Healthcare 

Medical 

imaging 

analysis, 

Diagnostics 

Classification 

algorithms, 

Regression 

models 

CNNs, 

RNNs 

Analyzing 

medical 

images, 

predicting 

disease 

outbreaks, 

and 

personalizin

g treatment 

plans. 

Kurniawan 

et al., 

(2023); 

Mohammad

i et al., 

(2023) 

Waste 

Management 

Route 

optimization, 

Waste 

sorting 

Clustering, 

Regression 

models 

CNNs, 

RNNs 

Optimizing 

waste 

collection 

routes, 

automating 

waste 

sorting, and 

predicting 
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waste 

generation. 

Elsisi et al.,  

(2021); 

Rahimian et 

al.,  (2021) 

Smart 

Buildings 

HVAC 

optimization, 

Lighting 

control 

Reinforcement 

learning, Time 

series 

forecasting 

LSTM 

networks, 

Autoencode

rs 

Managing 

heating, 

ventilation, 

air 

conditioning, 

and lighting 

systems for 

energy 

efficiency. 

Li et al., 

(2021); 

Kaššaj, & 

Peráček, T. 

(2024) 

 

Urban 

Planning 

Traffic flow 

analysis, 

Land use 

optimization 

Clustering, 

Regression 

models 

CNNs, 

RNNs 

Analyzing 

urban traffic 

patterns, 

optimizing 

land use, and 

planning 

infrastructur

e 

development

. 

Demertzis et 

al., (2020); 

Chang et al.,  

(2022) 

Fraud 

Detection 

Anomaly 

detection, 

Risk 

assessment 

Classification 

algorithms, 

Clustering 

CNNs, 

RNNs 

Identifying 

fraudulent 

transactions, 

assessing 

risks, and 

monitoring 

for 

suspicious 

activities. 

Nia et al., 

(2021); 

Ahmad et 

al.,  

(2022) 

Renewable 

Energy 

Management 

Energy 

forecasting, 

Resource 

allocation 

Time series 

analysis, 

Regression 

models 

LSTM 

networks, 

Autoencode

rs 

Predicting 

renewable 

energy 

generation, 

optimizing 

resource 

allocation, 

and 

integrating 

with the grid. 
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Bruni, & 

Piccarozzi, 

(2022) 

Smart Retail Customer 

behaviour 

analysis, 

Inventory 

management 

Clustering, 

Recommendati

on systems 

CNNs, 

RNNs 

Analyzing 

customer 

behavior, 

optimizing 

inventory, 

and 

personalizin

g shopping 

experiences. 

Karabegovi

ć et al., 

(2019); 

Karabegovi

ć et al., 

(2020) 

Industrial 

Automation 

Process 

control, 

Robotics 

Reinforcement 

learning, 

Decision trees 

CNNs, 

RNNs 

Automating 

industrial 

processes, 

controlling 

machinery, 

and 

enhancing 

robotics. 

Tao et al., 

(2021); 

Jakubczak 

et al., (2021) 

Financial 

Analytics 

Algorithmic 

trading, Risk 

management 

Regression 

models, Time 

series analysis 

LSTM 

networks, 

GANs 

Analyzing 

financial 

markets, 

predicting 

stock prices, 

and 

managing 

risks. 

 

Smart buildings and infrastructure 

AI and ML are technologies that can be used to manage buildings and infrastructure 

(Elsisi et al., 2021). Building management systems are monitoring and control systems 

that are used to manage and control mechanical and electrical equipment in a building. 

Building management systems can be used to monitor indoor climate, lighting, and energy 

use of buildings and give them a lot more ways to save money in everyday life (Elsisi et 

al., 2021; Rahimian et al., 2021). AI is being used with existing building management 

systems to address a number of challenges in energy management in buildings (Seraj et 

al., 2024). First of all, AI provides much better focus, ensuring that certain unoccupied 

areas of a room are not wasted when there is no one else there. In addition, AI can also be 

used in predictive analysis using data from similar sites. For example, predictive analytics 

can be used in construction by comparing current data with historical information on 

similar construction projects. This can help predict a potential delay, and activities that 

are likely to lead to a delay can be carried out, ensuring that the work is completed on 



  

40 

 

time. In addition, using resources more efficiently. The main purpose of this use is the 

sustainability of the construction industry. 

Sustainable supply chain management 

Transparency, efficiency, and sustainability are the three attributes that AI, ML, DL, or 

all of them together bring to the supply chain management world (Bahrpeyma, & Reichelt, 

2022; Paramesha et al., 2024e). By creating IT algorithms that can process large amounts 

of data, for instance, AI can help businesses optimize the process of managing their 

inventory. As a result, they can reduce spoilage or make sure that a shelf is never empty 

when a customer wants to buy something. For example, in the shipping industry, there are 

a lot of goods that can perish, and it is crucial to run the supply chain properly; otherwise, 

the goods will spoil, and the company will lose money. Predictive analytics allow making 

very precise predictions of future demand, so companies can plan their production and 

storage accordingly. On the one hand, they do not make too many products and have them 

sit on shelves. On the other hand, they do not run out of products to sell. Another 

technology is blockchain, which combined with AI can make the supply chain completely 

transparent (Esmaeilian et al., 2020; Mazzei, & Ramjattan, 2022). With the technology, 

every single transaction is recorded and cannot be deleted, which helps track everything 

and thus helps avoid fraud. 

Environmental monitoring and conservation 

AI and ML help monitor and protect the environment (Oláh et al., 2020). AI drones and 

satellites analyse photo and video camera data, determining deforestation rates, 

populations of different species, and so on. Optimized algorithms allow environmentalists 

to evaluate and detect the rapid changes in the environment and implement solutions in 

time (Oláh et al., 2020; Javaid et al., 2022). In addition, AI algorithms are able to assess 

the probability of the occurrence of a variety of fatal environmental events and adapt pre-

emptive response actions. AI algorithms are also able to model the effects of climate 

change and predict future environmental impacts. ML models are needed to help develop 

effective strategies to combat the greenhouse effect, carbon footprints, and other 

environmental changes. In addition to carbon footprints, AI help monitor and collect non-

recyclable items. Later, AI-powered robots and conveyors sort the collected waste, 

separating non-recyclable items from recyclable ones. 

Promoting smart healthcare 

Healthcare is a domain in which medical organizations can achieve significant 

improvements by using AI, ML, and DL-based technologies (Paul et al., 2021; Popov et 

al., 2022). Some examples of such improvements include better diagnostics, treatment, 
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and care of the patients. Thus, AI algorithms can be used for analysing medical images 

with high precision, thereby enabling the detection of cancers and other diseases in their 

earliest stages. This helps improve the quality of patient care, since a timely diagnosis can 

be made and fewer patients will need to be treated with surgical methods. Additionally, 

personalized medicine uses AI to analyse the genome and determine the best course of 

treatment for the patient (Schlingensiepen et al., 2016; Popov et al., 2022). This approach 

guarantees that the selected treatment will be the best one and the side effects will be 

minimized, while the cost of the treatment may be decreased as well. AI-driven predictive 

analytics is used to optimize the operation of a hospital. They are applied to forecast the 

dates when a hospital is likely to have more or fewer patient admissions, as well as what 

resources will be required. This helps ensure that the hospital is operating efficiently and 

the patients receive the necessary care in a timely manner. 

Smart retail and e-commerce 

AI, ML, and DL are used in the retail and e-commerce sectors to help improve the overall 

customer experiences and optimize business operations (Bruni, & Piccarozzi, 2022). For 

example, AI-driven recommendation systems analyse customer behaviour and 

preferences, suggesting specific products that are most likely to be suitable for customers. 

Using DL algorithms, recommendation systems may adjust their suggestions, making 

their offers more personalized over time. This type of tool helps retain customers and 

attracts new ones, increasing sales through satisfaction with customer experience. Another 

example is AI-based chatbots and virtual assistants, which are used to automate the 

process of receiving feedback from customers and addressing the issues. The biggest 

advantage of AI-driven customer support services is that they are able to communicate 

with a vast number of customers simultaneously, reducing waiting times and consequently 

improving the experience. Finally, AI is also used to optimize pricing strategies by 

analysing market peculiarities, competitors’ pricing, and customer demand (Ghosh et al., 

2020). All this information may be processed in order to dynamically offer specific prices 

which maximize the revenue for a business and ensure competitiveness back. 

Enhancing human resources management 

Human resource management is benefiting from such advanced technologies as AI, ML, 

and DL that not only make it more effective but more efficient (Grillo et al., 2022). The 

process of HR is considered to be individual in a sense where the subjectivity of the 

recruiting process is considered to be the basis. Therefore, any insights generated and 

provided by AI are limited in the era of big data. The first area of AI application in HR is 

the recruitment process. The AI-powered system analyses resume, cover letters, and 

candidate profiles to identify who is the better fit for the open job position. It helps to save 
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time, human resources, and leads to tougher results. Moreover, in a constantly changing 

labour market, the AI systems use ML algorithms to improve the matching every time 

and make it work even better. The second example is applied to the performance 

management of employees. AI can work with the data on the previous performance of 

employees and process them with the system of the company. It helps to draw the 

necessary conclusions for the employer and make some tangible information from the 

existing data. The manager can simply process this kind of data, see the trends, and make 

sure that the important decisions on promotions, training, and talent development are the 

most relevant. It is also considered to be useful since the AI-powered sentiment analysis 

program can analyse the comments of the employees or their communication with each 

other and measure their mood and morale. 

Financial services 

AI, ML, and DL contribute to the optimization of particular finance-related tasks in 

various ways (Jakubczak et al., 2021; Tao et al., 2021). For instance, one of the crucial 

functions in which they can help is fraud analysis. The algorithms of AI identify the 

patterns of account proceeding conditions, and in case a deviation from these patterns 

occurs, it helps to provide fraud detection in a timely manner. For example, financial 

institutions regularly identify a leakage of finance and react quickly. Besides, AI is used 

for credit risk assessment: a large amount of information is analysed to make a conclusion 

about a person’s creditworthiness, including financial statements of the company or the 

person, market and economic indicators, and trends. Finally, AI-based robots, i.e., robo-

advisors, assist in a customer providing advice on the details of making investments 

(Dhanabalan, & Sathish, 2018). Development in the sphere of ML allows selecting the 

best possible solution in a particular period of time. 

Smart cities and urban planning 

To begin with, AI, ML, and DL power the development of smart cities, which are cities 

where technology significantly improves the well-being of people (Kaššaj, & Peráček, T. 

2024). For example, AI-based traffic management information systems reduce traffic 

congestion and pollution by adjusting city lights in real time based on sensor data from 

all the traffic lights in the city, traffic flow sensors, additional sensors, and cameras over 

the city roads. The function of the traffic management system to optimize and adjust the 

brightness of the city lights is connected with the activities of the traffic incident 

responder, which receives the information about the accident from the same data sources 

and decreases the flow of the traffic coming to the accident location. Moreover, for urban 

planning, on the one hand, AI, ML, and DL evaluate the data available for the city 

compared to the data for other cities by the same time, such as population growth, housing 
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needs, and the impact on the environment (Li et al., 2021; Kaššaj, & Peráček, T. 2024). 

As a result, AI-based solutions develop a plan for the city’s sustainable growth with 

efficient green systems for housing development and rapid transportation. On the other 

hand, AI applications in smart cities optimize the process of waste management by 

making a decision regarding a timely waste pick-up in locations where it is expected to 

fill up. As a result, the fuel consumption by the garbage truck drops, which means that the 

corresponding decrease in the emissions takes place. 

Enhancing cybersecurity 

To keep cybersecurity modern and cut off the majority of issues in real-time, AI, ML, and 

DL are employed (Lezzi et al., 2018; Culot et al., 2019). First of all, with the help of AI 

systems, it is possible to analyse network traffic. Given that such systems understand the 

way normal users perform their tasks and identify unusual behaviour and requests, it is a 

good opportunity to detect any problem that might have occurred. Next, DL is widely 

employed for this purpose, too, as systems employing DL techniques go on learning from 

the data they receive and become more efficient at spotting the threats. In addition to 

detecting threats, AI is instrumental in responding to incidents. There are some cases 

when an AI system can block a certain system or segment those devices that might have 

been attacked and successfully secure the attack’s targets. Such systems can analyse 

reasons why a network attack might have occurred in the first place and offer methods of 

eliminating the threat (Culot et al., 2019). Another major aspect that is widely associated 

with AI is data privacy. AI can define the type of information that is used, how it is stored, 

and by whom it can be requested. In addition, with the help of AI systems, it is possible 

to spot any unusual tendency of how data is handled and respond to it, keeping in line 

with the newest rules of storing and distributing data. 

Smart water management 

Effective water management is essential for sustainability, and AI, ML, and DL are 

already used in various regions . First of all, AI-powered systems are used to monitor 

water consumption, detect leaks, and predict the need for maintenance in real-time. These 

solutions are developed to analyse the data retrieved from sensors integrated into the 

investigated water infrastructure, identify infeasibilities, and generate suggestions 

concerning the elimination of the problem to avoid water loss (Alabi et al., 2019; 

Saravanan et al., 2021). In addition, AI-driven prescriptive analytics can be adopted in 

resource management to predict water demand with regard to historical data and weather 

predictions to ensure this goal is achieved. These approaches minimize water waste, 

therefore, ensuring conservation (Saravanan et al., 2021). 

Education 
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Technologies such as AI, ML, and DL have been applied in the field of education to 

personalize learning and streamline administrative processes (Coşkun et l., 2019; Mian et 

al., 2020). For instance, several AI-driven adaptive learning systems have been developed 

over the years that analyse data from student performance to adjust educational material 

to students’ paces and styles of learning. Therefore, learning processes have become more 

personalized, which allows for achieving better results and preventing high dropout rates. 

In addition, AI helps analyse data related to students’ involvement and performance to 

identify any shortages or other issues in the learning process (Mian et al., 2020). This 

feature also promotes sustainability as the resources of education are used more 

effectively. AI and its subset technologies simplify various administrative processes, such 

as scheduling, admissions, and grading, which allows educators to concentrate more on 

teaching, student care, and support. 

Renewable energy optimization 

Apart from the algorithms that allow controlling smart grids and integrating renewable 

energy sources, AI and ML are incorporated in the operation of renewable energy systems 

(Nia et al., 2021; Ahmad et al., 2022). For example, AI determines the optimal 

performance characteristics of solar panels and wind turbines, based on real-time data on 

the weather and the history of operating these devices. At the same time, in the field of 

renewable energy, AI-based predictive maintenance is particularly valuable, which causes 

renewable energy equipment to operate in optimal modes, which extends their service life 

and ensures maximum contribution to the safe generation of energy. 

Construction safety 

Construction is a field in which safety is a top concern, and AI, ML, and DL have brought 

improvements to the safety protocols and practices on construction sites (Júnior et al., 

2021). For instance, AI-powered computer vision systems can monitor construction sites 

in real time and detect safety hazards or non-adherence to safety regulations. For example, 

they can detect unsafe behaviour, such as workers not wearing protective equipment, and 

send an alert to the site supervisor immediately. Predictive analytics used in construction 

can analyse historical data to detect hazardous patterns and predict potential incidents. In 

this way, construction companies can take preventative measures to improve safety 

performance and reduce the number of accidents. 

Environmental risk assessment 

AI, ML, DL are used in environmental risk assessment to predict and minimize the 

consequences of operation of industrial facilities (Oláh et al., 2020; Javaid et al., 2022). 

AI algorithms analyse data on the state of the environment, the operation of the enterprise, 
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and the consequences of its work. For example, equipment condition data and production 

parameters allow to predict the likelihood of an oil spill or spill, plant seeds in oil 

production recommend the best safe solutions. As a result, the company will take 

preventive action and prevent environmental pollution. AI systems are also used to 

monitor the environment in real time (Javaid et al., 2022). Environmental monitoring 

systems based on AI track changes in air and water quality and toxic emissions are 

registered even before pollution occurs. As a result, the company reacts quickly, often the 

emissions do not reach the ecosystem. 

Public safety and emergency response 

Public safety and emergency response are now enhanced by AI, ML, and DL with the 

help of real-time data analysis and predictive insights (Longo et al., 2019; Reegu et al., 

2020). For example, AI-based surveillance systems now monitor the public’s performance 

in whichever type of public spaces to prevent any unusual activity and threats to the 

public. As soon as such threats appear, law enforcement officers can interfere and prevent 

the threats from being developed. In case of emergency, AI systems have learned to 

analyse all the possible sources of data. For example, it uses social media, sensors, 

emergency calls as well as other types of information to provide the situational 

understanding of what is happening and how the emergency situation can be managed. AI 

algorithms are also able to recognize patterns of natural disasters and predict further 

spread of them based on the weather and other relevant data (Reegu et al., 2020). For 

example, such technologies can now recognize fires, indicate these to the local 

departments, and predict the further spread of the fires hours before the fires actually 

spread. In addition, such systems can also help with communication. For example, there 

are AI communication platforms that help to deliver quickly comprehended information 

to the public upon any queries. Such platforms can work with natural language processing 

and process all the queries really fast as well as provide answers that are both effective 

and understandable. 

Urban mobility 

AI, ML and DL are changing urban mobility (Lom et al., 2016). Smart transportation 

networks are being developed with the help of AI-based ride-sharing platforms (Lom et 

al., 2016; Hamidi et al., 2017). They help to find the most appropriate ways or match 

riders with vehicles expeditiously optimizing the number of cars on the roads and 

decreasing emissions. AI is also involved in smart parking assistance in a way to help 

drivers find accessible parking lots more rapidly than they could do it by themselves. 

These systems are based on real-time and predictive analytics for parking utilization 

optimization. It is also possible to highlight the popularization of AI-managed electric 
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scooters of bikes that can be observed in many cations and urban areas. The AI algorithm 

is also used for managing distribution and technical state of these vehicles, which should 

stay charged and in a ready condition in a necessary area. In general, these means of 

transportation are green and help to overcome excessive use of private cars. 

 

2.4 Conclusions 

Recent advancements in AI, ML, and DL have enabled huge progress in smarter and 

sustainable industries. They are revolutionizing a wide-range of industries leading to 

higher productivity, energy and resource optimization and predictive maintenance, all of 

which are driving sustainable efforts. For instance, the inclusion of AI and ML into 

manufacturing has enabled the deployment of smart factories where synoptic data analysis 

combined with automated decision-making capabilities can enhance product quality while 

reducing waste. Specifically, DL algorithms, including ones utilized in computer vision 

and natural language processing are transforming quality control and supply chain 

management by providing accurate defect identification and improving communication 

throughout the global supply chain. AI and ML play a big part in adjusting the renewable 

energy generation and distribution in the energy sector, assisting in the shift towards a 

low-carbon economy. AI-fueled smart grids manage energy demand resolve the big 

question of supply and demand in real time, as they simultaneously forecast utilization 

patterns to optimize the provision of energy with energy efficiency.  

In addition, DL models have helped to improve autonomous systems in transportation and 

logistics, enabling the widespread use of electric and self-driving vehicles which decrease 

carbon emissions and enhance urban mobility. AI is all set to create a new revolution in 

the healthcare industry, such as for the creation of tailored medicines, increased diagnostic 

accuracy and for optimal treatment plans, thereby improving patient outcomes while 

reducing healthcare costs. Such technologies allow for exploratory data analyses across 

immense volumes of data to identify insights that support better decision-making and fuel 

improvements to medical research and development. The integration of AI, ML, and DL 

with the Internet of Things (IoT) and blockchain technologies, is also making industrial 

operations more transparent, secure and efficient. This convergence helps build smart 

cities which involve integration of systems and data-driven insights for sustainable urban 

development. Industries wishing to continue in a competitive and environmentally aware 

global market will have to embrace these developments. 

 

 



  

47 

 

References 

Ahmad, T., Zhu, H., Zhang, D., Tariq, R., Bassam, A., Ullah, F., ... & Alshamrani, S. S. (2022). 

Energetics Systems and artificial intelligence: Applications of industry 4.0. Energy Reports, 8, 

334-361. 

Ahmed, I., Jeon, G., & Piccialli, F. (2022). From artificial intelligence to explainable artificial 

intelligence in industry 4.0: a survey on what, how, and where. IEEE Transactions on Industrial 

Informatics, 18(8), 5031-5042. 

Ahsan, F., Dana, N. H., Sarker, S. K., Li, L., Muyeen, S. M., Ali, M. F., ... & Das, P. (2023). Data-

driven next-generation smart grid towards sustainable energy evolution: techniques and 

technology review. Protection and Control of Modern Power Systems, 8(3), 1-42. 

Akhmatova, M. S., Deniskina, A., Akhmatova, D. M., & Prykina, L. (2022). Integrating quality 

management systems (TQM) in the digital age of intelligent transportation systems industry 

4.0. Transportation research procedia, 63, 1512-1520. 

Alabi, M., Telukdarie, A., & Van Rensburg, N. J. (2019). Industry 4.0: Innovative solutions for 

the water industry. In Proceedings of the International Annual Conference of the American 

Society for Engineering Management. (pp. 1-10). American Society for Engineering 

Management (ASEM). 

Angelopoulos, A., Michailidis, E. T., Nomikos, N., Trakadas, P., Hatziefremidis, A., Voliotis, S., 

& Zahariadis, T. (2019). Tackling faults in the industry 4.0 era—a survey of machine-learning 

solutions and key aspects. Sensors, 20(1), 109. 

Bahrpeyma, F., & Reichelt, D. (2022). A review of the applications of multi-agent reinforcement 

learning in smart factories. Frontiers in Robotics and AI, 9, 1027340. 

Bilal Ahmed, M., Imran Shafiq, S., Sanin, C., & Szczerbicki, E. (2019). Towards experience-based 

smart product design for industry 4.0. Cybernetics and Systems, 50(2), 165-175. 

Bonada, F., Echeverria, L., Domingo, X., & Anzaldi, G. (2020). AI for improving the overall 

equipment efficiency in manufacturing industry. In New Trends in the Use of Artificial 

Intelligence for the Industry 4.0. IntechOpen. 

Bruni, R., & Piccarozzi, M. (2022). Industry 4.0 enablers in retailing: a literature review. 

International Journal of Retail & Distribution Management, 50(7), 816-838. 

Chang, V., Di Stefano, A., Sun, Z., & Fortino, G. (2022). Digital payment fraud detection methods 

in digital ages and Industry 4.0. Computers and Electrical Engineering, 100, 107734. 

Çınar, Z. M., Abdussalam Nuhu, A., Zeeshan, Q., Korhan, O., Asmael, M., & Safaei, B. (2020). 

Machine learning in predictive maintenance towards sustainable smart manufacturing in 

industry 4.0. Sustainability, 12(19), 8211. 

Coşkun, S., Kayıkcı, Y., & Gençay, E. (2019). Adapting engineering education to industry 4.0 

vision. Technologies, 7(1), 10. 

Culot, G., Fattori, F., Podrecca, M., & Sartor, M. (2019). Addressing industry 4.0 cybersecurity 

challenges. IEEE Engineering Management Review, 47(3), 79-86. 

Demertzis, K., Iliadis, L., Tziritas, N., & Kikiras, P. (2020). Anomaly detection via blockchained 

deep learning smart contracts in industry 4.0. Neural Computing and Applications, 32(23), 

17361-17378. 



  

48 

 

Dhanabalan, T., & Sathish, A. (2018). Transforming Indian industries through artificial 

intelligence and robotics in industry 4.0. International Journal of Mechanical Engineering and 

Technology, 9(10), 835-845. 

Drakaki, M., Karnavas, Y. L., Tziafettas, I. A., Linardos, V., & Tzionas, P. (2022). Machine 

learning and deep learning based methods toward industry 4.0 predictive maintenance in 

induction motors: State of the art survey. Journal of Industrial Engineering and Management 

(JIEM), 15(1), 31-57. 

Elsisi, M., Tran, M. Q., Mahmoud, K., Lehtonen, M., & Darwish, M. M. (2021). Deep learning-

based industry 4.0 and internet of things towards effective energy management for smart 

buildings. Sensors, 21(4), 1038. 

Esmaeilian, B., Sarkis, J., Lewis, K., & Behdad, S. (2020). Blockchain for the future of sustainable 

supply chain management in Industry 4.0. Resources, conservation and recycling, 163, 105064. 

Gebhardt, M., Kopyto, M., Birkel, H., & Hartmann, E. (2022). Industry 4.0 technologies as 

enablers of collaboration in circular supply chains: A systematic literature review. International 

Journal of Production Research, 60(23), 6967-6995. 

Gera, U. K., Siddarth, D., & Singh, P. (2022). Smart farming: Industry 4.0 in agriculture using 

artificial intelligence. In Artificial intelligence for societal development and global well-being 

(pp. 211-221). IGI Global. 

Ghosh, D., Sant, T. G., Kuiti, M. R., Swami, S., & Shankar, R. (2020). Strategic decisions, 

competition and cost-sharing contract under industry 4.0 and environmental considerations. 

Resources, conservation and recycling, 162, 105057. 

Gong, Y. (2022). Traffic Flow Prediction and Application of Smart City Based on Industry 4.0 and 

Big Data Analysis. Mathematical Problems in Engineering, 2022(1), 5397861. 

Grillo, H., Alemany, M. M. E., & Caldwell, E. (2022). Human resource allocation problem in the 

Industry 4.0: a reference framework. Computers & Industrial Engineering, 169, 108110. 

Guato Burgos, M. F., Morato, J., & Vizcaino Imacaña, F. P. (2024). A Review of Smart Grid 

Anomaly Detection Approaches Pertaining to Artificial Intelligence. Applied Sciences, 14(3), 

1194. 

Hamidi, S. R., Ibrahim, E. N. M., Rahman, M. F. B. A., & Shuhidan, S. M. (2017, November). 

Industry 4.0 urban mobility: goNpark smart parking tracking module. In Proceedings of the 3rd 

international conference on communication and information processing (pp. 503-507). 

Hernavs, J., Ficko, M., Klančnik, L., Rudolf, R., & Klančnik, S. (2018). Deep learning in industry 

4.0–brief overview. Journal of Production Engineering, 1-5. 

Jakubczak, W., Gołębiowska, A., & Prokopowicz, D. (2021). The legal and security aspects of ICT 

and industry 4.0 importance for financial industry 4.0 development. 

Javaid, M., Haleem, A., Singh, R. P., Suman, R., & Gonzalez, E. S. (2022). Understanding the 

adoption of Industry 4.0 technologies in improving environmental sustainability. Sustainable 

Operations and Computers, 3, 203-217. 

Júnior, G. G. S., Satyro, W. C., Bonilla, S. H., Contador, J. C., Barbosa, A. P., de Paula Monken, 

S. F., ... & Fragomeni, M. A. (2021). Construction 4.0: Industry 4.0 enabling technologies 

applied to improve workplace safety in construction. Research, Society and Development, 

10(12), e280101220280-e280101220280. 



  

49 

 

Karabegović, I., Karabegović, E., Mahmić, M., & Husak, E. (2020). Implementation of industry 

4.0 and industrial robots in the manufacturing processes. In New Technologies, Development 

and Application II 5 (pp. 3-14). Springer International Publishing. 

Karabegović, I., Turmanidze, R., & Dašić, P. (2019, September). Robotics and automation as a 

foundation of the fourth industrial revolution-industry 4.0. In Grabchenko’s International 

Conference on Advanced Manufacturing Processes (pp. 128-136). Cham: Springer 

International Publishing. 

Kaššaj, M., & Peráček, T. (2024). Synergies and Potential of Industry 4.0 and Automated Vehicles 

in Smart City Infrastructure. Applied Sciences, 14(9), 3575. 

Khalil, R. A., Saeed, N., Masood, M., Fard, Y. M., Alouini, M. S., & Al-Naffouri, T. Y. (2021). 

Deep learning in the industrial internet of things: Potentials, challenges, and emerging 

applications. IEEE Internet of Things Journal, 8(14), 11016-11040. 

Khatter, H., Singh, P., Kumar, V., & Singh, D. (2021). Smart and intelligent chatbot assistance for 

future industry 4.0. Artificial Intelligence for a Sustainable Industry 4.0, 153-168. 

Kotsiopoulos, T., Sarigiannidis, P., Ioannidis, D., & Tzovaras, D. (2021). Machine learning and 

deep learning in smart manufacturing: The smart grid paradigm. Computer Science Review, 

40, 100341. 

Kumar, R., Rani, S., & Khangura, S. S. (Eds.). (2023). Machine Learning for Sustainable 

Manufacturing in Industry 4.0: Concept, Concerns and Applications. CRC Press. 

Kurniawan, T. A., Meidiana, C., Othman, M. H. D., Goh, H. H., & Chew, K. W. (2023). 

Strengthening waste recycling industry in Malang (Indonesia): Lessons from waste 

management in the era of Industry 4.0. Journal of Cleaner Production, 382, 135296. 

Lampropoulos, G. (2023). Artificial intelligence, big data, and machine learning in industry 4.0. 

In Encyclopedia of data science and machine learning (pp. 2101-2109). IGI Global. 

Lezzi, M., Lazoi, M., & Corallo, A. (2018). Cybersecurity for Industry 4.0 in the current literature: 

A reference framework. Computers in Industry, 103, 97-110. 

Li, Z., He, Y., Lu, X., Zhao, H., Zhou, Z., & Cao, Y. (2021). Construction of Smart City Street 

Landscape Big Data‐Driven Intelligent System Based on Industry 4.0. Computational 

intelligence and neuroscience, 2021(1), 1716396. 

Lilhore, U. K., Simaiya, S., Kaur, A., Prasad, D., Khurana, M., Verma, D. K., & Hassan, A. (2021). 

Impact of deep learning and machine learning in industry 4.0: Impact of deep learning. In 

Cyber-Physical, IoT, and Autonomous Systems in Industry 4.0 (pp. 179-197). CRC Press. 

Lom, M., Pribyl, O., & Svitek, M. (2016, May). Industry 4.0 as a part of smart cities. In 2016 Smart 

Cities Symposium Prague (SCSP) (pp. 1-6). IEEE. 

Lom, M., Pribyl, O., & Svitek, M. (2016, May). Industry 4.0 as a part of smart cities. In 2016 Smart 

Cities Symposium Prague (SCSP) (pp. 1-6). IEEE. 

Longo, F., Nicoletti, L., & Padovano, A. (2019). Emergency preparedness in industrial plants: A 

forward-looking solution based on industry 4.0 enabling technologies. Computers in industry, 

105, 99-122. 

Mahmoodi, E., Fathi, M., Tavana, M., Ghobakhloo, M., & Ng, A. H. (2024). Data-driven 

simulation-based decision support system for resource allocation in industry 4.0 and smart 

manufacturing. Journal of manufacturing systems, 72, 287-307. 



  

50 

 

Mazzei, D., & Ramjattan, R. (2022). Machine learning for industry 4.0: A systematic review using 

deep learning-based topic modelling. Sensors, 22(22), 8641. 

Mian, S. H., Salah, B., Ameen, W., Moiduddin, K., & Alkhalefah, H. (2020). Adapting universities 

for sustainability education in industry 4.0: Channel of challenges and opportunities. 

Sustainability, 12(15), 6100. 

Mohammadi, M., Rahmanifar, G., Hajiaghaei-Keshteli, M., Fusco, G., & Colombaroni, C. (2023). 

Industry 4.0 in waste management: An integrated IoT-based approach for facility location and 

green vehicle routing. Journal of Industrial Information Integration, 36, 100535. 

Moreno Escobar, J. J., Morales Matamoros, O., Tejeida Padilla, R., Lina Reyes, I., & Quintana 

Espinosa, H. (2021). A comprehensive review on smart grids: Challenges and opportunities. 

Sensors, 21(21), 6978. 

Mostafa, N., Ramadan, H. S. M., & Elfarouk, O. (2022). Renewable energy management in smart 

grids by using big data analytics and machine learning. Machine Learning with Applications, 

9, 100363. 

Motroni, A., Buffi, A., & Nepa, P. (2021). Forklift tracking: Industry 4.0 implementation in large-

scale warehouses through uwb sensor fusion. Applied Sciences, 11(22), 10607. 

Mourtzis, D., Angelopoulos, J., & Panopoulos, N. (2022). Smart grids as product-service systems 

in the framework of energy 5.0-a state-of-the-art review. Green Manufacturing Open, 1(1), 5. 

Nagy, M., & Lăzăroiu, G. (2022). Computer vision algorithms, remote sensing data fusion 

techniques, and mapping and navigation tools in the Industry 4.0-based Slovak automotive 

sector. Mathematics, 10(19), 3543. 

Nia, A. R., Awasthi, A., & Bhuiyan, N. (2021). Industry 4.0 and demand forecasting of the energy 

supply chain: A literature review. Computers & Industrial Engineering, 154, 107128. 

Oláh, J., Aburumman, N., Popp, J., Khan, M. A., Haddad, H., & Kitukutha, N. (2020). Impact of 

Industry 4.0 on environmental sustainability. Sustainability, 12(11), 4674. 

Pallathadka, H., Jawarneh, M., Sammy, F., Garchar, V., Sanchez, D. T., & Naved, M. (2022, 

April). A Review of Using Artificial Intelligence and Machine Learning in Food and 

Agriculture Industry. In 2022 2nd International Conference on Advance Computing and 

Innovative Technologies in Engineering (ICACITE) (pp. 2215-2218). IEEE. 

Paul, S., Riffat, M., Yasir, A., Mahim, M. N., Sharnali, B. Y., Naheen, I. T., ... & Kulkarni, A. 

(2021). Industry 4.0 applications for medical/healthcare services. Journal of Sensor and 

Actuator Networks, 10(3), 43. 

Pereira, R., Lima, C., Pinto, T., & Reis, A. (2023). Virtual Assistants in Industry 4.0: A Systematic 

Literature Review. Electronics, 12(19), 4096. 

Popov, V. V., Kudryavtseva, E. V., Kumar Katiyar, N., Shishkin, A., Stepanov, S. I., & Goel, S. 

(2022). Industry 4.0 and digitalisation in healthcare. Materials, 15(6), 2140. 

Paramesha, M., Rane, N. L., & Rane, J. (2024a). Artificial Intelligence, Machine Learning, Deep 

Learning, and Blockchain in Financial and Banking Services: A Comprehensive Review. 

Partners Universal Multidisciplinary Research Journal, 1(2), 51-67. 

Paramesha, M., Rane, N., & Rane, J. (2024b). Trustworthy Artificial Intelligence: Enhancing 

Trustworthiness Through Explainable AI (XAI). Available at SSRN 4880090. 



  

51 

 

Paramesha, M., Rane, N., & Rane, J. (2024c). Artificial intelligence in transportation: applications, 

technologies, challenges, and ethical considerations. Available at SSRN 4869714. 

Paramesha, M., Rane, N., & Rane, J. (2024d). Generative artificial intelligence such as ChatGPT 

in transportation system: A comprehensive review. Available at SSRN 4869724. 

Paramesha, M., Rane, N., & Rane, J. (2024e). Big data analytics, artificial intelligence, machine 

learning, internet of things, and blockchain for enhanced business intelligence. Available at 

SSRN 4855856. 

Rahimian, F. P., Goulding, J. S., Abrishami, S., Seyedzadeh, S., & Elghaish, F. (2021). Industry 

4.0 solutions for building design and construction: a paradigm of new opportunities. Routledge. 

Rai, R., Tiwari, M. K., Ivanov, D., & Dolgui, A. (2021). Machine learning in manufacturing and 

industry 4.0 applications. International Journal of Production Research, 59(16), 4773-4778. 

Rane, N., Choudhary, S., & Rane, J. (2024a). Integrating deep learning with machine learning: 

technological approaches, methodologies, applications, opportunities, and challenges. 

Available at SSRN 4850000. 

Rane, N., Choudhary, S., & Rane, J. (2024b). Artificial Intelligence (AI), Internet of Things 

(IoT), and blockchain-powered chatbots for improved customer satisfaction, experience, and 

loyalty (May 29, 2024). http://dx.doi.org/10.2139/ssrn.4847274 

Rane, N., Choudhary, S., & Rane, J. (2024c). Artificial intelligence and machine learning for 

resilient and sustainable logistics and supply chain management. Available at SSRN 

4847087. 

Rao, T. V. N., Gaddam, A., Kurni, M., & Saritha, K. (2022). Reliance on artificial intelligence, 

machine learning and deep learning in the era of industry 4.0. Smart healthcare system design: 

security and privacy aspects, 281-299. 

Reegu, F., Khan, W. Z., Daud, S. M., Arshad, Q., & Armi, N. (2020, November). A reliable public 

safety framework for industrial internet of things (IIoT). In 2020 International Conference on 

Radar, Antenna, Microwave, Electronics, and Telecommunications (ICRAMET) (pp. 189-

193). IEEE. 

Saravanan, S. R. N. S. C. M. N., Renugadevi, N., Sudha, C. N., & Tripathi, P. (2021). Industry 4.0: 

Smart water management system using IoT. Security Issues and Privacy Concerns in Industry 

4.0 Applications, 1-14. 

Savković, M., Dasic, M., Djapan, M., Vukicevic, A., Macuzic, I., & Stefanovic, M. (2021). 

Improving workplace safety using advanced industry 4.0 technologies. 

Schlingensiepen, J., Nemtanu, F., Mehmood, R., & McCluskey, L. (2016). Autonomic transport 

management systems—enabler for smart cities, personalized medicine, participation and 

industry grid/industry 4.0. Intelligent transportation systems–problems and perspectives, 3-35. 

Seraj, M., Parvez, M., Khan, O., & Yahya, Z. (2024). Optimizing smart building energy 

management systems through industry 4.0: A response surface methodology approach. Green 

Technologies and Sustainability, 100079. 

Shaikh, T. A., Rasool, T., & Lone, F. R. (2022). Towards leveraging the role of machine learning 

and artificial intelligence in precision agriculture and smart farming. Computers and 

Electronics in Agriculture, 198, 107119. 



  

52 

 

Tao, R., Su, C. W., Xiao, Y., Dai, K., & Khalid, F. (2021). Robo advisors, algorithmic trading and 

investment management: Wonders of fourth industrial revolution in financial markets. 

Technological Forecasting and Social Change, 163, 120421. 

Tatipala, S., Larsson, T., Johansson, C., & Wall, J. (2021). The influence of industry 4.0 on product 

design and development: Conceptual foundations and literature review. Design for 

Tomorrow—Volume 2: Proceedings of ICoRD 2021, 757-768. 

Villalba-Díez, J., Molina, M., Ordieres-Meré, J., Sun, S., Schmidt, D., & Wellbrock, W. (2020). 

Geometric deep lean learning: Deep learning in industry 4.0 cyber–physical complex networks. 

Sensors, 20(3), 763. 

Zheng, T., Ardolino, M., Bacchetti, A., & Perona, M. (2021). The applications of Industry 4.0 

technologies in manufacturing context: a systematic literature review. International Journal of 

Production Research, 59(6), 1922-1954. 

 

 


