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Abstract. Among digital technologies, Artificial Intelligence (AI) and Big Data 

(BD) have proven capability to support different processes, mainly in discrete 

manufacturing. Despite the fact that a number of AI and BD literature reviews 

exist, no comprehensive review is available for the Process Industry (i.e. cements, 

chemical, steel, and mining). This paper aims to provide a comprehensive review 

of AI and BD literature to gain insights into their evolution supporting operational 

phases of the Process Industry. Results allow to define the areas where AI/BD 

are proven to have greater impact and areas with gaps like for example the pro-

cess control (predictive models) area, machine learning and cyber-physical sys-

tems technologies. The sectors lagging behind are Ceramics, Cement and non-

ferrous metals. Areas to be studied in the future include the interaction between 

intelligent systems. humans and the external environment, the implementation of 

AI for the monitoring and optimization of parameters of different operations, eth-

ical and social impact. 

Keywords: Operations management, Artificial Intelligence, Big Data, process 

industry. 

1 Introduction  

In the recent years, the great potential of AI/BD has enabled firms to increase their 

profits and 85% of business leaders believes that these technologies will make their 

businesses remain competitive. Adoption rates are still quite low, around only 23% 

adopting some AI/BD technology and a mere 5% having extensively deployed AI/BD 
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solutions and mostly in support functions such as IT and customer service [1]. None-

theless, 77% of industry managers considered machine learning to be most useful in 

deploying AI, with smart robotics second (44%), natural language processing third 

(40%).  

Concerning BD, businesses are rapidly growing the volume of their owned digital 

data, generated from different sources and in different structures, by increasing the 

amount of users, sensors, processes and other sources. In many cases, BD is a prereq-

uisite of AI, as it goes beyond traditional database software tools, to enable access, 

storage, management of large amounts of data to be analysed, interpolated and corre-

lated in AI applications. Important issues for AI are the data collection, access and pro-

cesses therefore very much in relation with BD handling. Therefore, a high data quality 

and availability and the implementation of the right algorithms and learning processes, 

are the biggest challenges for AI [2]. While Process Industry already generates a vast 

amount of data, it is still facing the challenge of integrating and define data structures 

and interfaces to create a common access over several processes and locations for usage 

at operational level by means of AI. In other cases, process industry do not have capa-

bility to gather this data available to apply machine learning techniques in a suitable 

way.  

Several papers demonstrate that in discrete manufacturing companies AI/BD tech-

nologies can improve performance in terms of efficiency, sustainability, flexibility, 

agility, robustness and resilience. In the case of the Process industry, the application of 

AI/BD is lagging behind given the differences in operations (continuous flows can have 

different problems in terms of monitoring and control with respect to discrete produc-

tion) and only recently has started to adopt these technologies. The aim of this paper is 

to conduct a literature review to analyse to what extent AI/BD are used at different 

operational levels in the process industry to transform data, facilitate real-time decision 

making using online data and automate decision making. After the presentation of the 

methodology and the AI/BD taxonomy, the paper proposes a structured analysis of 

available works in AI/BD fields applied to eight sectors of the Process Industry namely 

cement, ceramics, chemicals, engineering, minerals and ores, non-ferrous metals, steel, 

water. As part of the synthesis, on the one hand, the operations which show most im-

portant applications of technologies are identified, and on the other, gaps are detected 

for further study and evaluation. 

2 Methodology and AI /BD taxonomy 

The literature review (LR) is recognized as a valid approach and a necessary step for 

exploring new directions guiding the research toward identifying research gaps and 

proposing innovative applications with cross-sectorial comparison. A four-step process 

proposed by [3] was adopted:  

1. Material collection:  based on the research scope, the collection of papers and 

scientific contributions was carried out by using the search engine of Web of 

Knowledge and google scholar. A publication search was conducted in terms of struc-

tured combination of the key words in title, abstract and keywords taking into consid-

eration technologies as defined in the taxonomy and the process industry sectors. Since 
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one of the main objectives is to analyse the recent developments of AI and BD, the 

search was limited to the last 5 years.  

2. Descriptive analysis: more than 300 papers have collected and analysed by the 

partners of the project and a preliminary analysis of the formal aspects was used to 

assess the material in a qualitative way. During the material revision, some references 

were discarded and other were found of interest and added to our LR. Totally around 

200 papers have been kept for categorisation. For reasons of space, in this paper we 

report only a subset of the most important papers. The full list is available upon request.  

3. Material categorisation: the collected papers were categorised according to the 

involved operational dimensions and coded accordingly to obtain a picture of the use 

of the AI/BD technologies in the eight sectors.  

4. Analysis and results: during the analysis particular attention have been given to 

how AI/BD can support processes, establishing which are the most important opera-

tions where these technologies can be implemented. 

Before to start the LR, a taxonomy has been developed specifically for the AI-CUBE 

project [4] taking into account current state of the art taxonomies, including the one 

developed by the EC AI Expert group [5], which has been customized for process 

industries. In particular, the AI taxonomy has two core categories, “perception and 

communication” and “cognition and reasoning” and one transversal category 

“integration and interaction”. From these, nine sub-categories are identified, which are 

summarized and five categories for BD. 

Table 1. Taxonomy for AI/BD 

Category  Technology  Acronym 

AI- Perception and 

communication 

Data understanding and characterization  DUC 

Natural language processing  NLP 

Object and spatial recognition  OSR 

Machine learning  ML 

AI- Cognition and 

reasoning  

Intelligent planning  IP 

Expert systems ES 

Case based reasoning  CBR 

AI- Integration and 

interaction  

Intelligent agents  IA 

Cyber-physical systems  CPS 

BD –Big Data Data visualisation  DV 

Data processing DP 

Data protection  DPR 

Data management DM 

Computing and storage infrastructure CSI 

3 Results  

Steel sector: there are several examples of ML used for different processes as for 

example for fatigue property analysis [6] and to predict the tensile strength of steel rods 

manufactured in an electric arc furnace [7]. ML is also used to enable prediction of 

systems failure [8] and neural network-based solutions are used for crack prediction to 

improve the steel-casting process. ES have been developed to analyse the quality of the 
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steel products [9] and for the analysis of metallurgical processes related to continuous 

casting with a modular system architecture while the DM system is based on the phys-

ical and chemical features of steel [10]. NLP is used for entity recognition for the steel 

product categories; while for OSR, vision-based automatic identification can track 

without embedding identification codes onto the steel product surfaces [11]. CPS and 

knowledge-based systems are used to detect functional failure to reduce the time of 

expertise acquisition and the cost of solving over-generalization and over-fitting prob-

lems with a data driven tool to provide fault diagnostics enabling risk-informed deci-

sion-making [12]. 

Engineering sector: NLP can be integrated in various processes along the value 

chain, as in the automated mapping of the SC based on text sources for archiving visi-

bility [13] or in the extraction of satisfactory product properties from customer reviews 

[14] for a customer-centric product customization. ML can be used along the whole 

process, for example in data driven models for characterising engineering systems [14]. 

An exemplary field of application for frameworks and systems of intelligent agents can 

be to address systems engineering problems [15]. In particular, CPS are often used for 

proactive or predictive maintenance solutions and tools, as described in [16]. Other 

predictive maintenance solutions can be based on BD like DM and DP, for example by 

using digital twins [17]. DV for value analysis [18] is also considered. 

Ceramics: ML is applied for quality control in the ceramics industry for the detec-

tion and classification of defects in the final product in combination with other technol-

ogies, like ultrasound sensing [19]. IS using ML (ANN) for the analysis of acoustic 

emissions and cutting power signals [20] have been applied to predictive maintenance. 

IP is used for quality control in the manufacturing process, i.e. trajectory planning sys-

tem solution for glazing spraying using cooperative multi-robots [21] and to optimize 

experimental conditions to obtain maximum hardness of ceramic samples [22].  Opti-

mization, classification and processing, for example in evaluating rotary ultrasonic ma-

chining to select optimum machining parameters can be based on ES [23], while OSR 

has been applied for Additive Manufacturing technologies for optimization of process, 

and [24] reported the development of a new feature-based method for identification of 

geometric features and manufacturing constrains. The development of smart ceramic 

manufacturing is based on the interconnection assured by with CPS [25] or through IoT 

based BD analytics [26]. 

Minerals: [27] main operations in reaching the ore, breaking the ore underground 

to bring it to the surface and then dressing and smelting it can be supported by AI as a 

lead technology in decision-making. BD and ML can improve operational efficiency, 

mine safety, and production workflow [28]. Key operational areas for leveraging from 

AI are cited as mineral processing and exploration, safety/security, and autonomous 

vehicles and drillers (SLAM technology). Current issues/problems in the sector in-

clude: milling of raw material, mining / extraction, high energy consumption, security 

and human safety, scheduling / planning, security, automation and remote monitoring.  

Cement: being an energy-intensive sector, innovative approaches based on AI/BD 

can help to reduce energy consumption and costs in this sector supporting new strate-

gies for optimization of usage. In [29] an AI model (deep learning neural network) 

learns the dynamics of each of the key industrial assets (cooler, ball mill, vertical mill, 
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pre-heater, and kiln) and processes from historical sensor data, creating prescriptions 

by searching for the optimal values of critical control parameters. Moreover, there are 

some operational phases that need to be supported by AI/BD like kiln, firing, material 

processing as well as energy consumption optimisation, predictive maintenance, predict 

process behaviour, supply chain, remote operation.  

Non-ferrous metals: ML approaches are suggested by [30] for inspecting aluminum 

structure subjected to temperature changes and by [31] to address the identification of 

the atoms in the grain boundary regions of the aluminum. In [32], the orthogonal test 

method and DV are used to observe the effect of multifactor composite action on copper 

slag to reduce serious environmental problems. ESs are proposed for the analysis of 

aluminum electrolysis an ES is proposed in [33] for monitoring and emergency deci-

sions of the tank condition of the electrolytic aluminum and for automated inspection 

system of the spraying parameters splats [34].   

Water sector: it is showed a significant application of digital technologies in the 

sector. ML is applied in the SC (re)configuring and scheduling and R&D activities for 

different purposes ranging from energy and resource efficiency in the water distribution 

systems [35], cost reduction of raw material in water treatment plants, and decision 

support systems based on artificial neural network application in water and wastewater 

[36]. IP and IA pursue the sustainability and efficiency in multi-sectoral water alloca-

tion [37], the optimization of water infrastructure resilience and performance [38], and 

the smart utilisation of wastewater storage capacity to prevent flooding. Finally, OSR 

technologies (e.g. GIS-integrated simulation models) have been developed for the con-

junctive use of surface and groundwater and water-constrained agricultural production. 

As for BD, data collection and BD analytics are applied to monitor water pipeline in-

frastructure systems [39], DV for wastewater contaminants understanding [40] and DM 

techniques for hydro informatics purposes [41]. 

Chemicals: digital transformation driving major opportunities [42] in the sector. ML 

application based on artificial neural networks (e.g. neuro-fuzzy) within different con-

trol loops are applied for network predictive control regarding energy savings [43]. 

Most of the studies focused on technologies related to DUC, and ML to predict higher 

heating values of a biomass [44] and energy use and GHG emissions reduction [45]. 

BD (mainly DM and DC and SI) are applied for data interoperability supporting com-

putational toxicology and chemical safety evaluation [46] and CSI technologies in de-

velopment activities of the chemical industry [47,48]. 

 

Table 1 shows the “heat map” of the references found in the literature search.  It can be 

seen that the “hot” technology category is ML with major applications to the chemical 

and minerals sectors. It is notable that there are still several areas to be investigated and 

were the application to the analysed sectors are still limited. DUC, DPR and CSI are 

still to be investigated with specific focus on these sectors of the process industry, most 

probably, this is due to the fact that these categories are complementary to other tech-

nologies and a transversal approach, sector independent, has been applied till now. 
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Fig. 1. Heat map of AI/BD for process industry 

4 CONCLUSIONS 

Based on the LR presented shortly in the previous sections, the findings of the paper 

can be used as a guideline for defining the areas along which to further investigate and 

where there is a gap to define development paths in the future. In particular: 

 Market analysis and open innovation: need for forecasting based on intelligent sys-

tem for customer relationships management and online monitoring and order man-

agement systems for the suppliers. Improvements in this area is necessary both for 

sectors dealing with final consumer (i.e. ceramic) as well as for B2B sectors (i.e. 

chemical, steel, …) that are “far” from the final market but need to forecast demand 

of final products to make production planning.  

 Process control and optimisation: companies in Process Industry need to have sup-

port for the real-time integrated control of the different production phases enabling 

CPS by new way to formalize and treat BD collected along the process from ma-

chines, devices etc. to avoid workers to dangerous working conditions. In these sec-

tors with continuous flow of material, it is important to find a way to assure raw 

material quality control by automatic visual classification and advanced sensing sys-

tems with a high precision and timely manner. For what concerns monitoring of in-

ventory level, some areas are related to positioning of the raw material and resources 

(e.g. internal transport modes) in the warehouse, operators’ guide for timely picking 

and loading activities.  

 Predictive maintenance: this area is already covered in many sectors but there is the 

need to further investigate for the development of algorithms based on different 

types of AI like neural-networks, deep learning etc taking into account the specificity 

of the production equipment used in each sector.  

 Research and innovation: it is necessary to further develop AI/BD technologies sup-

porting management, planning and design of research and innovation. Innovation at 

product level can be supported by AI/BD for designing, simulating, testing product 

features. Tools for automatic alignment in the design of product and process is also 

important. Dealing with the sustainability of the new generation of products is also 

DUC NLP OSR ML IP ES CBR IA CPS DV DP DPR DM CSI

Cement 4 3 1 1 2 2 1

Ceramics 2 4 4 2 1 1 2 1 4 2

Chemicals 8 1 10 1 1 2 3 3

Engineering 1 8 5 1 4 4 4 8 1 1 5 3

Minerals 2 1 4 14 4 1 1 2 1 1 1 1 3 2

Non ferrous metals 7 2 1 1 1 3 1

Steel 2 5 8 7 1 2 5 2 2

Water 1 1 7 1 1 1 2 2 3
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an important issue and all the data collected with DUC, DP and DM can enable 

evaluation of energy efficiency and environmental impact.    

 Supply chain: this area includes all the operational perspectives related to configu-

ration, planning and management of SC. Some important ongoing trends related to 

Process Industry need to be taken into consideration like industrial symbiosis and 

value chain integration for circular economy: AI/BD can facilitate the forward flows 

of the raw materials and primary products, but also manage and integrate it with the 

reverse flows to the factory, waste management systems, and other value-added ac-

tivities.  

A cross-cutting area of analysis is related to the ethical and social dimension arisen by 

AI/BD techniques incorporating hybridization of intelligent systems with humans and 

the role of the AI/BD systems combined with other methods and tools in pandemic 

situations such as COVID-19 should be studied to define paths to provide new produc-

tion models to avoid risk propagation. 
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