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Abstract. As a consequence of the fourth industrial revolution, the data produced by 
companies’ day-by-day activities and the rate at which the transactions occur are grow-
ing exponentially. In order to extract business value from those data, they need to be 
organised under a reference conceptual model facilitating data analysis and decision 
making. Since no sound reference model for organising digital factory production data 
has been proposed in the literature, this paper aims at developing and testing a concep-
tual multidimensional model to support a broad range of data analytics activities for the 
management and optimisation of production in a smart factory. The testing of the model 
in a case study company of the printing sector provides insights into the applicability 
of the model and the connected benefits. 
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1 Introduction 

The fourth industrial revolution is fostering the adoption of technological innovations 
to enhance production processes through the integration of multiple automation, con-
trol, and information technologies [1]. As a consequence, the data produced by compa-
nies’ day-by-day activities and the rate at which the transactions occur are growing 
exponentially [2]. On one side, this creates the opportunity to shift today’s manufactur-
ing paradigm to smart manufacturing [3]. Smart manufacturing (also known as intelli-
gent manufacturing) is a fully integrated, collaborative manufacturing system that re-
sponds in real time to meet changing conditions in the factory and in the supply net-
work, and customer needs using advanced information and manufacturing technologies 
[4-5]. On the other side, the massive volume of data creates unprecedented challenges 
in data collection, storage, processing, and analysis [1]. In order to extract business 
value from those data, they need to be organised under a global unified schema that 
facilitates data analysis and supports decision making [6]. This reference schema should 
offer an integrated view of all data sources [7].  

The concept of multidimensional data modelling originates from the information 
system domain [7]. In a data model, the axes are called “dimensions” and represent the 
different ways of analysing the data [7]. Each dimension corresponds to a business 
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perspective under which facts can be fruitfully analysed and could be organised in a 
hierarchy of levels [8]. Although a variety of multidimensional data models have re-
cently been proposed by both academic and industrial communities, a consensus on 
formalism or even a common terminology has not yet emerged [8]. In the information 
system domain, data models have been primarily intended to support the design of a 
data warehouse in an implementation-independent way, but based on the needs of the 
specific context. However, to assure flexibility and re-usability, a model should be 
specified on a conceptual level, i.e. representing information in an abstract and com-
pany-independent way [7-8].  

Despite the importance of the topic, no sound reference firm-independent model for 
organising and analysing the massive volume of production-related data generated and 
collected in a smart factory has been proposed in the literature. To overcome this gap, 
this paper aims at developing and testing a conceptual multidimensional model to sup-
port a broad range of data analytics activities for the management and optimisation of 
production in a smart factory. The model is not developed adopting an information 
system perspective and does not conform to technical formalisms, because it is not in-
tended to directly support data warehouse design. Neither it is intended to develop an 
ontology, since the focus is not on knowledge representation or semantic data integra-
tion [9]. Rather it is qualitative in nature, because it adopts a managerial point of view 
and aims at facilitating performance assessment and decision making by plant, process, 
and production managers. 

The remainder of the paper is organised as follows. Section 2 describes the method-
ology adopted. Section 3 presents the proposed conceptual multidimensional model. 
An implementation case study is presented and discussed in Section 4. Conclusions and 
possible developments of the present research are outlined in the last section. 

2 Methodology 

The model has been developed on the basis of literature review and experts’ opinions. 
The literature review had the objective to identify the types of production-related 

data generated, collected, and elaborated in a smart factory. First, Web of Science, Sci-
enceDirect, Scopus, and Emerald have been selected as the electronic databases of sci-
entific publications most relevant for the topic under investigation. Then, relevant key-
words, e.g. “smart factory data”, “industry 4.0 data”, “digital factory data”, have been 
used to interrogate those databases. Finally, relevant papers have been analysed to iden-
tify possible data dimensions to include in the initial version of the model. 

The initial model was then evaluated and improved iteratively based on two expert 
user review sessions. The experts were a group of 30 people, being entrepreneurs, man-
agers, researchers, or consultants, who were involved in a research project on the topic 
of factory digitalisation. During the first session the initial model was presented and 
experts were asked for critical analysis and improvement suggestions. After the first 
session the improvements identified were introduced, and during the second session the 
refined model was presented to the experts. Some additional inputs were collected that 
led to the final version of the model.   
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The applicability of the conceptual model was then tested in a case study company. 
Two of the authors of this paper acted as consultants supporting the company over a 
six-month period in the implementation of the model, specifically with the aim to 
change the currently adopted cost accounting approach. 

3 The Conceptual Model 

The multidimensional model proposed in this paper is shown in Fig. 1.  
The model comprises of five axes, namely: production, plant hierarchy, process, 

context, and resources. Each axis is a dimension, i.e. a business perspective under which 
factory data could be organised and analysed. 

In the following a description of each dimension is provided: 

 Production dimension gathers those data dealing with production management that 
are usually stored in the Enterprise Resource Planning system (ERP) (e.g. production 
orders, bills of materials, production cycles, hourly output, production batches) or 
provided by other manufacturing information systems (e.g. Manufacturing Execu-
tion System (MES), Customer Relationship Management (CRM), Supply Chain 
Management (SCM), and Product Data Management (PDM)). ERP systems still rep-
resent the central core of enterprise systems and are considered the backbone for the 
Industry 4.0 [10-11].  

 Process dimension identifies the process data collected by Industrial Internet of 
Things (IIoT) technologies, which are related to a machine/component functioning 
state (e.g. real-time performance, operating conditions, rotation speed of a rotor) or 
specific data detected by sensors monitoring a production process (e.g. pressure, 
temperature) [3].  

 Plant hierarchy dimension represents the different hierarchical levels of a factory, 
adapted from the Reference Architecture Model for Industrie 4.0 (RAMI4.0) [12-
13]: component, station, machinery, work centre, plant. They correspond to the dif-
ferent levels at which factory data could be aggregated. This dimension collects data 
also on the maintenance history of production equipment (e.g. anomalies, break-
downs, malfunctions, and their causes, occurring to each of the components at the 
various hierarchical levels in the factory). 

 Context dimension gathers data related to the external conditions in which machin-
ery operates: environmental conditions in terms of, for example, air temperature, 
relative humidity, and pressure; and the more general context conditions, for exam-
ple the personnel on duty in the plant (e.g. in terms of skills, training). Indeed, there 
is evidence in the literature regarding the relevance of environmental [14-16] and 
general [17-19] conditions in influencing production. This calls for inclusion of this 
dimension in the conceptual model. 

 Resources dimension collects data related to the consumption of resources during 
production, both in terms of utilities (e.g. electrical energy, methane gas, water) and 
materials. Indeed, resource consumption monitoring is interesting both from a sus-
tainability point of view, and because the identification of production abnormities 
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can be often anticipated by anomalous material and energy consumption patterns 
[3,20-21]. 

 

Fig. 1. The Conceptual Reference Model 

Two or more axes identify multidimensional spaces interesting for data analysis and 
performance assessment. Bidimensional spaces (plans) are shown in Fig. 1. Some ex-
amples of significant analyses suggested by each plan are described in the following: 

1. Impact of the process on production. The plan enables analysing the direct impact 
that process data (e.g. temperature and pressure) have on process compliance, with 
reference to given production data (e.g. production order, hourly output); this plan 
can be used, for example, to identify which changes in process conditions have led 
to the production of a non-conforming batch, or a reduction in production rates. 

2. Impact of the state of production equipment on production. This plan makes it pos-
sible to track the product during the production cycle, with reference to the machin-
ery involved in the various stages of processing, and link all machinery-related 
events (e.g. anomalies, breakdowns, malfunction) to production orders and all other 
production-related data.  

3. Impact of context on production. The plan analyses the direct impact that context 
data (e.g. environmental conditions, personnel) have on production, with reference 
to given production data (e.g. production order, hourly output); this plan can be used, 
for example, to analyse which changes in context conditions have led to the produc-
tion of a non-conforming batch, or a reduction in production rates. 

4. Resource consumption by production. This plan enables analysing the specific con-
sumption of different type of resources (e.g. utilities and materials) by each produc-
tion item (e.g. single product, batch, production order). 

5. Impact of the state of the production equipment on process. This plan makes it pos-
sible to link all the events related to machinery (e.g. anomalies, breakdowns, 
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malfunction) to production process parameters. For example, it allows analysing 
possible correlations between changes in process parameters and equipment faults 
in order to implement predictive maintenances approaches. 

6. Impact of context on process. This plan enables monitoring the quality of production 
processes in relation to the personnel involved and environmental conditions; it can 
be useful for detecting, for example, the role of personnel in determining variations 
in the process. 

7. Impact of process on resource consumption. This plan makes it possible to associate 
resource consumption levels to production process parameters. For example, by 
cross-referencing energy consumption data with data related to production process, 
it is possible to carry out effective energy monitoring, which is the basis for energy 
management, i.e. the management and optimisation of energy consumption. 

8. Impact of context on the state of production equipment. This plan makes it possible 
to link all the events related to machinery (e.g. anomalies, breakdowns, malfunction) 
to context parameters. For example, it allows analysing possible correlations be-
tween changes in context parameters and equipment faults in order to implement 
predictive maintenances approaches. 

9. Resource consumption hierarchy. This plan allows to make each level of the fac-
tory accountable for its resource consumption. 

10. Impact of context on resource consumption. This plan makes it possible link resource 
consumption levels to context parameters. For example, it enables analysing the en-
ergy impact of ensuring certain operating conditions, particularly in environmental 
terms. 

In order to complement the analyses described above with an economic quantifica-
tion, an additional axis related to the economic-financial dimension, called Cost axis, 
can be introduced. In this way, five further plans are identified, as shown in Fig. 2: 

11. Production cost. The plan analyses the costs of production items such as products, 
production orders, batches.  

12. Process cost. This plan analyses the cost of each activity carried out to complete the 
production process.  

13. Cost of plant equipment. This plan analyses machinery rate, i.e. it includes the cost 
for machinery ownership (e.g. depreciation) and the operating costs (e.g. fuel, lubri-
cation, maintenance). The costs could be aggregated at different hierarchical levels 
(e.g. work centre, plant). 

14. Context cost. This plan analyses the value attributed to the environmental factors 
affecting the production, and the labour cost. 

15. Cost of resources. This plan analyses the cost of materials and utilities. 
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Fig. 2. The Conceptual Reference Model with the Cost axis 

More than two axes identify further multidimensional spaces interesting for data 
analysis and performance assessment. As an example, the axes Process, Cost, and Re-
sources create a space that makes it possible to analyse the influence of certain process 
parameters (e.g. processing pressures and temperatures) on the final resource cost of 
the factory. This allows a precise calculation of the resource costs as a function of pro-
cess parameters. 

4 The Case Study 

The conceptual model presented in the previous section has been tested in a case study 
company. The company is an Italian small enterprise operating in the printing sector. 
The most important piece of equipment in the factory is a Heidelberg printing machine, 
which is equipped with advanced functionalities that allow the real time collection of 
data related to operators, jobs, production parameters (e.g. speed, time, energy con-
sumption), productivity, and quality of products. In addition, it is interconnected with 
the company’s information system, allowing the integration of all the data collected by 
the machine with other information coming from the other interconnected elements of 
the company. 

So far, the production cost used for defining the price, and thus determining the profit 
margin of the product, was a rough standard cost. It was estimated once a year based 
on standard values of energy consumption by each work centre and allocation of all the 
other costs based on the forecasts of total annual operating hours of each centre. There-
fore, the company was uncertain about the goodness of such standard cost and needed 
more reliable cost figures to be able to modulate the price offered based on the strategic 
importance of each customer or order.  

In order to support the organisation of the huge amount of data available and the 
selection of those data needed to improve cost accounting, and specifically the calcula-
tion of the actual hourly production cost, the multidimensional model proposed by this 
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paper was used. The data available were first classified according to the six dimensions 
of the model. Then, two multidimensional spaces relevant for the analysis have been 
selected.  

The first space is defined by the Cost, Resources, Process, and Production axes. This 
allows calculating the real time energy consumption for each production order, and thus 
its specific contribution to the total energy cost. In addition, it allows analysing the 
relationship between process parameters and energy consumption, thus enabling the 
optimisation of process parameters for each type of product in order to minimise the 
consumption.  

A second space of analysis is provided by the axes Cost, Context, and Production. 
Within this space it is possible to integrate information about the influence that different 
operators and environmental conditions have on the printing process, monitoring the 
working time, the production speed, the quantity of pieces produced for each produc-
tion order and their quality. This makes it possible to calculate the performance of op-
erators and to allocate costs based on contextual factors.  

All these analyses enabled the calculation of the actual cost of production of a spe-
cific product under specific process and context conditions. For example, with refer-
ence to one of the most relevant products of the company, it emerged that, based on the 
actual price, the profit margin determined by the standard costs was 25%, while taking 
into consideration the actual average product cost, the margin was 37%. The availabil-
ity of a more accurate product cost enables more informed decisions during the tender-
ing stage. Indeed, the company now knows the maximum reduction of price that still 
allows covering production cost and could decide for significant discounts in order to 
win a specific order or to get a new customer.  

The company was extremely satisfied of this result. They reported that the multidi-
mensional model has been effective in helping with classification of the huge amount 
of data available into dimensions, thus transforming raw data into useful information. 
In addition, the model suggested relevant perspectives for the analysis of those data that 
have provided new insights into cost accounting. 

5 Conclusions 

A conceptual reference model for organising and analysing the “big data” related to 
production available in a smart factory has been proposed in this paper. The testing of 
the model in a case study company of the printing sector has provided insights on the 
applicability of the model in real contexts and on the connected benefits. In the specific 
case, the model has proven useful in increasing the accuracy of product cost calculation, 
thus facilitating the implementation of data-driven strategies for order winning. 

We believe that this paper has both theoretical and practical implications.  
From the theoretical point of view, it fills a gap in the literature since it proposes the 

first multidimensional model for smart production data analysis adopting a managerial 
point of view. In addition, it could provide useful inputs also to researchers interested 
in developing a multidimensional model for smart factory data adopting an information 
system perspective. 
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From a practical point of view, it could represent a valuable tool to support produc-
tion-related data analysis and decision making in the complex environment of a smart 
factory. The use of the model could help managers in the difficult task of organising 
and exploiting the huge amount of data available in digitalised companies in order to 
enable data-informed decisions. In addition, it could provide the developers of Infor-
mation Technology tools for data analytics with useful insights into the multitude of 
multidimensional spaces relevant for data analysis and performance assessment.  

The main limitation of this study concerns the generalisability of results, since only 
one case study is considered. Further case studies are required for a refinement and full 
validation of the model. 
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