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Digital twin technology is an emerging concept that has recently gained significant attention from 
industry and academia. Advancements in Industry 4.0 concepts have facilitated its growth, particularly 
in manufacturing. (A. Fuller et al. 2020).  
 
Digital twins are at the forefront of the Industry 4.0 revolution, which is facilitated by advanced data 
analytics and Internet of Things (IoT) connectivity. The IoT has increased the volume of usable data 
from manufacturing, healthcare, and smart city environments. This rich IoT environment, coupled with 
data analytics, provides essential resources for "what if" analyses, predictive maintenance, and fault 
detection, to name a few. 
There are three concepts (cf. Figure 1). (1) A digital model is a digital version of a pre-existing or 
planned physical object. To be considered a digital model, there must be no automatic data exchange 
between the physical and digital models. Examples of digital models include plans for buildings and 
product designs. An important defining feature is that there is no form of automatic data exchange 
between the physical system and the digital model. This means that, once the digital model is created, 
a change made to the physical object has no impact on the digital model. (ii) A digital shadow is a 
digital representation of an object with a one-way flow between the physical and digital objects. A 
change in the state of the physical object leads to a change in the digital object, but not vice versa. 
(iii) If data flows in both directions between an existing physical object and a digital object, and they 
are fully integrated, this constitutes a "digital twin." A change to the physical object automatically leads 
to a change to the digital object, and vice versa 
 
As there is a bi-directional link between the chemical process and the model, several process 
challenges must be tackled: (i) How to quickly develop new models, (ii) how to automatically update 
them using industrial data, and (iii) how to estimate uncertainties to inform the final decision. 
 
To address these challenges, IFP Energies Nouvelles (IFPEN) has developed two strategies based 
on artificial intelligence. The strategies depend on the extent of knowledge about the chemical 
process. If a model structure is known, transfer learning is used. Otherwise, hybrid model strategies 
are proposed. 

 
Figure 1: Digital model, shadow and twin. 

 
Case 1: A model of the process is available 
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Transfer learning constitutes a set of methods with strong potential for application in the field of 
reactor modeling and other processes. Transfer learning enables the use of knowledge acquired from 
a model and source data to build a model based on target data. IFPEN is conducting several research 
projects on knowledge transfer methods, particularly Bayesian approaches (Becker, Iapteff et Celse 
2023; Iapteff 2022). These methods have been proven to be efficient to adapt models developed on 
pilot plants to industrial processes thanks to knowledge transfer. It has been applied in several 
scenarios and has reduced the experimental effort, which is very costly at the pilot scale: (i) for the 
development of new catalysts by transferring information from older generations of catalysts and their 
models; (ii) for new processes or new feeds (plastic recycling, etc.), for which there is still little 
experimental data and a limited understanding of the phenomena. This methodology has been used 
to predict product qualities, among other applications. Another advantage of these techniques is their 
ability to predict model uncertainties. 
 
Case 2: No process model is available 
Although traditional mechanistic models are robust and grounded in physical principles, they often 
struggle to generalize to new operating conditions or feedstock qualities. This is due to incomplete 
kinetic representations and parameter uncertainty. Similarly, while purely data-driven approaches 
offer strong flexibility across diverse applications, they typically lack physical robustness and exhibit 
poor extrapolation performance when experimental data is limited. Thus, hybrid models appear to 
offer a good compromise between the accuracy of machine learning models and the robustness of 
knowledge models (Bradley et al. 2022). IFPEN has developed a physics-informed hybrid modeling 
framework that integrates mechanistic knowledge with a neural network through automatic 
differentiation, differential residual loss minimization, and physical boundary constraints. This 
framework has been proven efficient in several cases, such as hydroprocessing and CO₂ capture. 
 
As a conclusion, IFPEN's AI toolkit (transfer learning and hybrid models) operationalizes Digital Twins 
for chemical engineering, by tackling modeling bottlenecks, these enable Industry 4.0 transitions in 
chemical process industry. 
 

Bibliographie 
A. Fuller; Z. Fan; C. Day; C. Barlow (2020) Digital Twin: Enabling Technologies, Challenges and 
Open Research. In : IEEE Access, vol. 8, p. 108952–108971. DOI: 
10.1109/ACCESS.2020.2998358. 
Becker, Per Julian; Iapteff, Loïc; Celse, Benoit (2023) Improving Model Robustness with Transfer 
Learning for Product Property Models. In : Computer Aided Chemical Engineering, vol. 52, 
p. 1053–1058. DOI: 10.1016/B978-0-443-15274-0.50168-2. 
Bradley, William; Kim, Jinhyeun; Kilwein, Zachary; Blakely, Logan; Eydenberg, Michael; Jalvin, 
Jordan et al. (2022) Perspectives on the integration between first-principles and data-driven 
modeling. In : Computers & Chemical Engineering, vol. 166, p. 107898. DOI: 
10.1016/j.compchemeng.2022.107898. 
Iapteff, Loïc (2022) Transfer Learning for Smart Predictive Analytics. PhD. Universite Lumiere 
Lyon 2, Lyon. Informatique et Mathematiques. 
 


	Bibliographie

