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Abstract. Digital twin and additive layer manufacturing plays a vital role 

of the fourth industrial revolution. Digital twin is the ideal solution for data-

driven optimisation of additive manufacturing challenges. It is helpful in 

understating, analysing, and improving 3D printing machining process 

variables and consequently reducing the number of trial-and-error and 

component’s non-conformance and shorten product development lead time. 

Furthermore, the development of genuine digital twin still requires more 

research efforts to develop a thorough understanding of its concept, data 

management framework, and development techniques. Therefore, this paper 

aims to capture important data-driven digital twin requirements for additive 

layer manufacturing through a systematic approach by identifying the 

requirements, analysing technologies and processes for digital twin 

development. The main novelty of this research is applying a holistic 

approach to build digital twin of additive manufacturing process by 

capturing the requirements from both literature review and world-class 

aerospace industrial experts. Overall, the captured requirements will not 

only serve industries as a basis for implementing digital twin for additive 

manufacturing and modernize existing data management systems but also 

opens new research areas in the digital twin domain.  

1 Introduction 

Additive Layer Manufacturing (ALM) is a layer-by-layer approach which considered as the 

novel manufacturing frontiers that are replacing conventional manufacturing processes in 

many industries. The main driver of this movement is an increasing demand for customised 

products of highly complex 3D geometries and functional material properties, which were 

previously limited by the capabilities of traditional subtractive manufacturing [1], [2]. 

Nowadays, ALM can produce nearly all non-standard and irregular structures parts without 

wasting many materials because its working principle is based on layer-by-layer building 

instead of machining or casting [3]. This technology may be beneficial to various industries 

that are limited by the constant presence of obsolete details and challenged by design 

constraints. ALM will enable the production to create more flexible design that can fit and 

satisfy complex requirements. However, despite the benefits of ALM application, industries 
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are still hesitant to deploy the new technology for producing mission-critical components due 

to the inherently inconsistent and chaotic nature of ALM [4]. Given its high flexibility, 

versatility, and customizability, ALM technologies attract many areas of industrial 

production. However, many challenges, such as high variability and low repeatability, remain 

that hamper a wider adoption of ALM machines for building mission-critical and functional 

parts. To resolve the inherent issues in ALM, one needs to control, monitor, and optimize the 

ALM processes by collecting, modelling and analysing the captured data. It is all attainable 

with the implementation of a digital twin for ALM. 

ALM technology has improved rapidly over the past twenty years. Therefore, building 

DT of ALM is essential to tackle the issues related to the inherent features, such as the high 

complexity of the system, process uncertainty, and insufficient data for process optimisation. 

DTs enable two-way communication between the physical and digital counterparts by 

transmitting the data about the changes (e.g., status, resources state, working conditions) in 

the physical world [5]. Therefore, this work aims to identify a data-driven Digital Twin (DT) 

requirements for ALM, and concerns specifically Powder Bed Fusion (PBF) that remain one 

of the most versatile ALM processes. It mainly uses metal in the form of powder for layer-

upon-layer building by applying a high-energy laser. Within the context of this paper, a 

definition approved by the Airbus company will be referred as: “Digital Twin (DT) is the 

digital representation of an asset or system build upon the combination of logically integrated 

models to give useful insights, optimisations, and real-time solutions using essential data 

associated to those models” [6]. The identified requirements will help the manufacturing 

industry systematically develop framework and implement a DT of various ALM 

technologies within their current infrastructure based on prescribed data elements and 

requirements. This research work captures the requirements from both literature and 

industrial experts for DT of ALM. 

2 Related Work 

This section focuses on reviewing technologies, requirements, and data models enabling the 

construction of DT of ALM. Information and communication technology (ICT) in the context 

of the digital twin plays an important role, and data management is the key issue for 

manufacturing systems. For instance, laser powder bed fusion (PBF) machines use at least 

130 variables to estimate the process parameters that control product quality [7]. Building 

algorithms that supports the processing of large number of dynamically increasing 

information is challenging. Therefore, effective data management can resolve the complex 

relationships between design parameters, process parameters, process signatures, and post-

AM processes. 

DTs enable two-way communication between the physical and digital counterparts by 

transmitting the data about the changes (e.g., status, resources state, working conditions) in 

the physical world [5]. DT evolves every time it captures the historical and current states and 

behaviours of physical entities (e.g., processes, assets, machines, etc.), and helps to model 

the captured data to simulate what-if scenarios without interrupting the real physical twin [8]. 

Therefore, data is the main element in monitoring the actual physical entity and building a 

digital counterpart. 

Advances of the Internet of Things (IoT) enable massive amounts of data to be stored 

continuously by employing various sensors installed in the physical entity. These sensors are 

usually referred to as hard sensors, e.g., ambient sensors, pressure sensors, cameras, etc. 

Complex sensors provide valuable insights about the real twin and its environment at any 

given time. Once the Big Data is collected and proceed to be collected from sensors as the 

physical twin is monitored, helpful information from this data should be extracted by using 

data analytics. Traditional algorithms are limited in their capabilities in dealing with 
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heterogeneous and unstructured data. Hence, the use of AI algorithms is necessary to make 

sense of Big Data, whether it be fuzzy rules, machine learning (ML), deep learning (DL), 

ontologies, etc. [8], [9]. As soon as the data is analysed, the helpful information should be 

delivered to the real twin, and it should interact with its DT. This kind of communication is 

possible either through a physical representation of DT utilising augmented reality (AR), soft 

robotics or holograms via a virtual model of DT like an avatar or through simple traditional 

audio-visual interaction [8]. 

Since ALM data is generated from different sources during the product manufacturing 

lifecycle stages, data mapping and data management are important. [10] proposed three main 

requirements for metal powder bed fusion product lifecycle data management system. The 

requirements include: “i) easy access to the product knowledge; ii) traceability of individual 

product information; iii) automation of information flow.” In the developed data management 

method, post-processing, quality measurement, and simulation results are saved. 

Other critical requirements of ALM informatics are scalability, data governance, and data 

discoverability [11]. Scalability applies to data storage and operations, and the systems of 

backup ensure that the data is accessible 24/7 at any location. Again, the authors indicate that 

for the information sharing between different users, an application programming interface 

(API) and a command-line interface are required. It is challenging to make data discoverable 

for effective data sharing. Data governance dictates policies for data collection and storage 

period of each data. Consequently, data discoverability ensures that archived data can be 

selectively shared and easily located. 

The literature review has revealed that both additive manufacturing and digitalization 

have received attention from the research community only as independent research areas. 

There is little to no efforts have been made to identify digital twin requirements and its related 

data management in the domain of ALM. There is very little knowledge concerning the 

industrial requirements for building DTs of ALM. Therefore, this paper proposes a data-

driven digital twin requirement for ALM. 

3 Digital Twin Requirements for ALM 

Additive layer manufacturing (ALM) generates a considerable amount of raw data, and direct 

usage of raw data is difficult because of the characteristics of coupled and large amounts. 

Hence, it is essential to transmit useful data and information for further comprehensive data 

analysis after data is captured by DT technologies. This flow of data within DT layers of 

ALM is demonstrated in Figure 1. 

Data flow in DT system originates from the ALM machine in the physical layer. Sensors 

should be installed in the ALM machine to capture the sensing data from the Additive 

manufacturing process chain. To do so, in the data acquisition layer, data collection uses data 

transfer mechanism. Before storing these data in the local libraries and the cloud, the captured 

data should go through data pre-processing in order to eliminate the incorrect sensor readings 

of the process parameters. In the simulation layer, data processing, which provides 

conversion of some portion of the data into desired types in accordance with modelling 

algorithms, precedes data analysis that acquires data from data storage. Data analysis is 

undergone by using ALM process models and it has output of ALM process signatures. 

DT information uses ALM process signatures that is then depicted by visualization and 

decision-making steps that are used to create actionable insights. Actionable insights are also 

stored in data storage and are further used to change the state of the physical layer. 

Based on the proposed logic of data flow in DT of ALM, 12 requirements were captured 

and categorized into three modules as follows. 
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Fig. 1.  Representation of data flow within and between DT layers of ALM.  

3.1 Data Mapping Module 

Data mapping module is responsible for the mapping of data fields and their associated data 

queries in another destination. This refers to the establishment of a relationship between data 

models that are in various databases. It is also known as the basis for data migration, data 

integration, and other data management processes. Data mapping module consists of the 

hierarchical representation of manufacturing data, characteristic representation for modelling 

algorithms, standardization of data models, and continuous change in requirements. 

Hierarchical representation of captured data guides data storage design, whereas 

characteristic representation guides data customized processing. Also, standardization of data 

models should be considered, and the data mapping module will continuously update the DT 

based on changes in requirements. 

3.2 Data Processing Module 

Data pre-processing module should be used to clean the data for missing, abnormal or 

duplicated manufacturing data. Data customized processing will transform data into suitable 

types as it will improve data implementation efficiency. Also, hybrid processing is performed 

in data analysis section, in which different modelling algorithms perform process signatures 

simulation of ALM. According to updateable model along process lifecycle, actionable 

insights will be stored in data storage in order to train the models and improve the accuracy 

of the simulation. 
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3.3 Data Management Module 

Data management module considers data storage and retrieval, data discoverability, real-time 

assessment of data, and data obsolescence. Mainly, most of the module components 

corresponds to visualization and decision-making section. In which, the data discoverability 

and real-time assessment of data will be fulfilled. Regarding data storage and retrieval 

component, after pre-processing manufacturing data is collected from the physical world and 

then stored in cloud or local storages. Moreover, all data analysis results as well as actionable 

feedback will be stored in order to further improve the models.  

The captured requirements are summarised in Table 1. These requirements will serve as 

basis to construct a DT framework, which will satisfy each and all of the requirements. 

Table 1. Requirements for DT of AML 

Modules Requirements Explanation 

Data 

mapping 

Hierarchical representation of 

manufacturing data 

Structural data description for collection 

and further processing 

Characteristic representation for different 

simulations 

Representation of characteristics of 

algorithms to guide the retrieval and 

processing of data 

Standardisation of data models 

Standard model that could be used for the 

variation of design and environmental 

parameters 

Continuous change in requirements 
Update the relationships between the 

requirements and the system  

Data 

processing 

Data pre-processing 
Checking for the outliers, abnormal data, 

missing data by control limits 

Data customised processing 
Customised processing to achieve the 

requirements of modelling algorithms 

Hybrid processing 
Combination of batch and stream 

processing 

The updateable model along the process 

lifecycle 

Model training with extracted useful 

information across process lifecycle 

Data 

management 

Data obsolescence 
Back-up in local libraries to make it 

available for future usage 

Data discoverability 
Selective sharing and easiness in the 

location of data 

The storage of data in a searchable 

repository 

Efficient data storage and data retrieval 

ability 

Real-time assessment of data 
Detection of discrepancies and adjustment 

of process parameters 

 

4 Conclusions and Future Research Work  

Important requirements of data-driven digital twin of additive layer manufacturing have been 

demonstrated in this research paper. The identification was based on industrial requirements 

essential to ensure a feedforward closed-loop control between an ALM machine and its 

virtual twin. These requirements have been devised based on the data-driven challenges in 

ALM to cover the various aspects of data management - data collecting, data storage, data 
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processing, data modelling, and data analysis. Hence, they are useful for the DT designers 

and serve as a starting point for ALM related projects. 

Few studies have been conducted to determine DT's functional and non-functional 

requirements in the ALM domain. Therefore, most of the requirements were retrieved from 

the interviews with aerospace companies. Nevertheless, due to the confidentiality of the 

information regarding similar projects in the companies, it was challenging to capture all the 

requirements. A small number of research studied the relationship between the data 

parameters and process parameters. Therefore, building a joint knowledge base for different 

alloys is suggested to understand the relationships between process parameters, process 

signatures, and product quality. 

This work is part of an on-going research project aims to conduct further research effort 

to develop a comprehensive digital twin system for ALM. The proposed system will feature 

the creation of data centralizing mechanism and automatic data flows from process control 

sensors. We aim to integrated augmented reality tools with sensors-based digital twin to 

improve the real -time visualisation of ALM parameters. 
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