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ABSTRACT 
The development of predictive tokamak scrape-off layer simulation capability is crucial for future fusion power 
plants. This work presents machine learning-based surrogate models to replicate the EDGE2D code, widely 
used for tokamak modelling. These models offer significant computational advantages, providing predictions 
much faster than traditional methods, enabling high-throughput experiment analysis, rapid design optimisation, 
and their use in integrated tokamak modelling systems and digital twins. 
 
1. INTRODUCTION 
Future tokamak devices will rely heavily on advanced predictive computer models for design, optimisation, and 
operation. A key goal is to develop a tokamak "digital twin", which accurately predicts the system's future state 
by coupling with live sensory information. Significant progress has been made, but a full fusion power plant 
digital twin requires further development. 
 
Once crucial element to model is the scrape-off layer (SOL), where magnetic field lines intersect with material 
components. Energetic particles from the plasma core stream along the field lines towards the divertor region, 
impacting divertor target plates. Devices like ITER and STEP will require mitigation of energy flux to avoid 
damage. Plasma detachment is a promising approach to reduce divertor power load. 
 
SOL plasma and neutral species modelling spans several fidelity levels. High-fidelity models like SOLPS, 
EDGE2D, and UEDGE solve dynamic equations for plasma and neutral species but are computationally 
intensive. Machine learning-based surrogate models of these codes offer significant speedup, encapsulating the 
full physics present in the training data. These models hold promise for tokamak design optimisation and as 
digital twin components. 
 
This work describes the development of machine learning-based surrogate models of EDGE2D, running 
significantly faster than conventional methods. They can be used for simulating quantities of interest, replacing 
expensive SOL simulation components, and reconstructing full 2D fields within the SOL. 
 
2. DATASET 
The EDGE2D SOL simulation code has been used for decades for interpretative and predictive simulations. We 
use over 20,000 EDGE2D simulations of the JET tokamak and additional simulations of the MAST-U tokamak, 
categorised by run date and plasma configuration. This dataset provides a rich variety of physics and operational 
regimes for training models. Data mining and curation were essential for preparing the data for machine learning 
algorithms. 
 
3. SURROGATE MODELS 
We present several learned emulators of EDGE2D, categorised into three classes: 

1. Emulators of 0D and 1D quantities of interest relating downstream conditions to upstream parameters. 
2. Emulators of scalar quantities used as core-edge boundary conditions for integrated modelling systems. 
3. Full-field emulators of 2D quantities. 

These models provide output values many orders of magnitude faster than EDGE2D simulations. Category 1 
models are relevant for rapid design optimisation and parameter scans. Category 2 models can replace EDGE2D 
in the JINTRAC integrated modelling suite, moving towards real-time tokamak integrated modelling and digital 
twin capability. Full 2D information is required for advanced divertor studies, providing enhanced 
interpretability and better initial conditions for SOL transport models.  
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Figure 1. Calibration plots of outer divertor target peak power density and electron temperature. Learned model predicted 

values are presented as points against the value simulated by EDGE2D, with the dashed line representing perfect agreement.  
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