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Abstract—Sustaining fusion reactions in tokamaks requires
heating plasma to thermonuclear temperatures while maintaining
confinement and stability. Neutral beam injection (NBI) pro-
vides heating, current drive, torque, and fueling, while electron
cyclotron (EC) waves are widely used for heating and current
drive; together, these actuators shape the plasma current, tem-
perature, and density profiles. The control-oriented tokamak
simulator (COTSIM), a predictive, control-oriented code, has
been enhanced with neural-network surrogates for transport
and sources. Turbulent transport is predicted by MMMnet—a
neural-network version of the updated multimode model (MMM
9.0.10)—with significantly reduced computation time relative to
MMM; neoclassical transport follows the Chang–Hinton model.
NUBEAMnet, a surrogate of the Monte Carlo NUBEAM module,
predicts beam-driven heating, current, and torque. EC heating
and current drive use a control-oriented, empirically scaled
source model; plasma resistivity follows the Spitzer formulation;
bootstrap current uses the Sauter model. Equilibrium is com-
puted using both prescribed and fixed-boundary solvers (FBSs),
and the pedestal structure is modeled with an empirical pedestal
model. For a representative DIII-D discharge, COTSIM predicts
electron and ion temperature and safety-factor profiles in close
agreement with TRANSP predictive and interpretive simulations
while extending predictions through the pedestal region to the
plasma edge (versus 80% of the minor radius in TRANSP). The
equivalent COTSIM simulation runs in under 3 min compared to
about 2 h for TRANSP, enabling rapid scenario planning, opti-
mization of tokamak operation, and between-pulse control design.

Index Terms—Control-oriented tokamak simulator (COTSIM),
deep learning, multilayer perceptron, predictive simulation,
transport coefficients.

I. INTRODUCTION

THE development of controlled thermonuclear fusion is
crucial for realizing clean, abundant, and sustainable

energy. Among magnetic confinement devices, tokamaks are
the most widely studied because of their effectiveness in
confining plasma and their potential to achieve viable fusion
power. Like any nuclear reactor, a tokamak requires a reliable
simulator to ensure operation planning within safety limits
and to optimize performance. The accuracy of the simulator
directly influences the relevance of its predictions. In addition,
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Fig. 1. COTSIM architecture: a structured framework for developing and
executing tokamak simulations.

if a simulator has long computation times, it can make
scenario optimization impractical or limit exploration to a
narrow parameter space. A modular simulator design helps
balance speed and accuracy by combining models of varying
fidelity, allowing users to select the most appropriate level
of complexity for a given task. This flexibility supports con-
trol applications and scenario development while maintaining
computational efficiency. This motivation led to the develop-
ment of the control-oriented tokamak simulator (COTSIM), a
MATLAB1 -based, modular, 1.5-D equilibrium and transport
code [1], [2]. COTSIM integrates models of different levels of
fidelity and complexity for sources, transport, and resistivity
to predict the evolution of ion/electron density, ion/electron
temperature, poloidal magnetic flux, and rotation profiles.
These predictions are achieved by full transport equations or a
mix including empirical correlations for some of the profiles.
A pedestal model based on [3] is included to predict the
edge pedestal height and width. COTSIM also provides three
distinct options for computing the plasma MHD equilibrium:
prescribed equilibrium (PE), fixed-boundary equilibrium, and
free-boundary equilibrium [2]. Neural-network surrogate mod-
els for sources and transport [4], [5], [6] have been recently
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integrated to improve COTSIM’s predictive capabilities and
enable both fast and physics-informed tokamak simulations.
Fig. 1 shows the COTSIM workflow, highlighting how its
modular structure integrates neural-network surrogates and
physics-based solvers into a unified predictive framework.
COTSIM has been used successfully as an integrated modeling
framework in scenario planning for DIII-D [7], EAST [8], and
NSTX-U [9].

This work presents an integrated modeling approach that
leverages multiple COTSIM modules to predict electron and
ion temperatures and q (safety factor) profiles for a repre-
sentative DIII-D discharge. Predictions are verified against
TRANSP predictive simulations and validated against interpre-
tive (analysis/experimental) results. Key differences from [6]
include the use of an updated pedestal model, a newer version
of the multimode model (MMM), and a fixed-boundary equi-
librium solver. Unlike [6], which considered only NBI heating
and neglected neoclassical transport, the present study incor-
porates both NBI and EC heating, accounts for neoclassical
transport, and extends predictions to the ion temperature and
q-profiles in addition to the electron temperature.

This article is organized as follows. Section II describes the
neural-network architecture, training process, and evaluation
on unseen data. Section III presents the plasma transport mod-
eling in COTSIM, including the magnetic diffusion equation
(MDE), heat transport equation (HTE), heating sources, and
current drive. Section IV discusses the validation of COTSIM
results against TRANSP using both the PE and the fixed-
boundary equilibrium solver. Finally, Section V summarizes
the findings and outlines future work, including modeling the
L-H/H-L transition for full-discharge simulation.

II. NEURAL-NETWORK SURROGATES

In control-oriented simulations, achieving both high accu-
racy and fast computation times is crucial for predicting
plasma profiles and assessing plasma operating scenarios.
Empirical models offer high computational speed at the
expense of accuracy, while physics-based models provide
greater accuracy but are computationally intensive. Machine
learning (ML) techniques are increasingly used to overcome
this tradeoff, providing both high accuracy and computational
efficiency.

The multimode module is a physics-based transport model
developed to improve understanding of anomalous trans-
port in tokamak plasmas [10]. MMM predicts electron and
ion thermal transport, particle and impurity transport, and
toroidal and poloidal momentum transport, enabling modeling
of temperatures, densities, and rotation profiles. MMMnet,
a neural-network surrogate for MMM version 9.0.10, was
developed to greatly reduce computation time while main-
taining high accuracy [11]. The dataset used in this study
was generated from TRANSP simulations of 240 DIII-D
experimental discharges. From the predictive runs, 600 000
time slices were produced to compute anomalous diffusivities.
The input and target data are standardized prior to training
by transforming each variable to have zero mean and unit
variance. An inverse transformation is then applied to the
model’s outputs to recover physical units. This preprocessing

Fig. 2. Neural-network architecture: an MLP with fully connected layers. The
network uses nonlinear activation functions to learn complex patterns from
input data.

mitigates disparities in feature scales and improves training
stability and generalization. MMMnet employs a multilayer
perceptron (MLP) architecture with three hidden layers, each
containing 51 nodes, as illustrated in Fig. 2. The hidden
layers use the rectified linear unit (ReLU) activation function,
while the output layer uses a linear activation function. These
activation functions introduce nonlinearity, enabling the net-
work to model complex relationships. The network’s behavior
and learning capability are governed by numerical parameters
known as weights and biases.

MMMnet provides surrogate models for all six transport
coefficients. Six separate neural networks were trained, one for
each anomalous coefficient. The use of separate networks is
motivated by the fact that the coefficients exhibit different mag-
nitudes, sensitivities, and noise characteristics; independent
training helps avoid negative transfer and improves optimiza-
tion stability. Although the anomalous transport coefficients in
MMM are physically coupled through turbulence dynamics,
this coupling is not explicitly enforced in the present formu-
lation. Instead, correlations between coefficients are partially
captured by training each model on the same set of input
features (e.g., plasma parameters, profiles, and their gradients),
and the trained models are validated within integrated simu-
lations. The resulting MMMnet surrogate predicts anomalous
transport coefficients with inference times of 0.06–0.15 ms
per evaluation, providing orders-of-magnitude speedup relative
to the underlying MMM model while maintaining strong
agreement with its outputs. This acceleration comes at the
cost of reduced interpretability and potential degradation in
predictive reliability outside the training domain, as neural
networks require sufficiently large and representative datasets
for robust generalization. The input structure of all neural

Authorized licensed use limited to: LEHIGH UNIVERSITY. Downloaded on July 27,2026 at 23:06:28 UTC from IEEE Xplore.  Restrictions apply. 



2862 IEEE TRANSACTIONS ON PLASMA SCIENCE, VOL. 54, NO. 6, JUNE 2026

Fig. 3. Correlation results for (a) electron and (b) ion thermal diffusivities on the testing dataset demonstrate that MMMnet accurately reproduces the transport
coefficients predicted by MMM, with improved agreement compared to our earlier work [11].

Fig. 4. (a) Electron (χe) and (b) ion (χi) thermal transport coefficients predicted by MMMnet compared with MMM, showing strong agreement.

networks is identical to MMM, and all networks share the
same architecture. The performance of MMMnet was evalu-
ated using correlation analysis and tested on previously unseen
data. The high correlation between MMM and MMMnet
demonstrates consistent model performance on the testing
dataset, as shown in Fig. 3. Fig. 4 further demonstrates that
MMMnet accurately predicts complex diffusivity profiles from
multiple DIII-D TRANSP runs, supporting its use in real-
time scenarios. MMMnet’s computational efficiency makes it
well-suited for integration into COTSIM. In this study, neural-
network models for electron and ion thermal diffusivities
are integrated into COTSIM. Future work will also extend
this approach by integrating neural networks for particle and
momentum diffusivities.

NUBEAMnet, a neural-network model for predicting the
effects of neutral beam injection (NBI) on DIII-D plasmas,
is also implemented in COTSIM [12]. This network was
trained and tested on data from TRANSP simulations of
DIII-D discharges that include the NUBEAM module [13].
NUBEAMnet effectively reproduces the results of the Monte
Carlo NUBEAM code, achieving high accuracy while reduc-
ing execution time by several orders of magnitude.

III. INTEGRATED MODELING WITHIN COTSIM
FRAMEWORK

COTSIM includes several 1-D transport models and
employs the finite difference method with a fixed time step
to discretize the continuous transport PDEs into ODEs.

A. Magnetic Diffusion Equation

The 1-D MDE models the evolution of the poloidal mag-
netic stream function (ψ). The MDE is given by

∂ψ

∂t
=

η (Te)
µ0ρ

2
bF̂2
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∂
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Here, µ0 is the permeability of free space; R0 is the major
radius; Te is the electron temperature; jNI is the noninductive
current density; and Ip is the total plasma current. The ρ̂ is
the normalized effective minor radius, ρ̂ ∆

= ρ/ρb, used to index
flux surfaces. The mean effective minor radius is defined as
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ρ = (Φ/(πBφ,0))1/2, where Φ is the toroidal magnetic flux, Bφ,0
is the vacuum toroidal magnetic field at R0, and ρb denotes
the effective minor radius at the last closed flux surface. The
quantities F̂, Ĝ, and Ĥ are geometrical factors and defined as

F̂ (ρ̂) =
R0Bφ,0

RBφ (R,Z)
, Ĝ (ρ̂) =

�
R2

0

R2 |∇ρ|
2
�
, Ĥ (ρ̂) =

F̂˝
R2

0/R2
˛ . (2)

In COTSIM, these geometric factors can be specified from
a PE or computed using fixed-boundary or free-boundary
equilibrium solvers. In this work, both the PE and the fixed-
boundary equilibrium solver are used. In the PE approach,
F̂, Ĝ, and Ĥ are held constant throughout the simulations,
whereas in the fixed-boundary approach, these geometric
factors are recalculated at each time step. The noninduc-
tive current jNI includes contributions from NBI, electron
cyclotron (EC) current drive, and bootstrap current

jNI (ρ̂, t) =

8X
i=1

jnbi (ρ̂, t) +

5X
i=1

jeci (ρ̂, t) + jbs (ρ̂, t) (3)

where jnbi(ρ̂, t) denotes the current driven by the ith NBI
source, computed using the NUBEAMnet module in COTSIM.
The EC current drive is modeled in this work using the injected
power Pec(t) and a simplified efficiency model proportional to
T δ

e /ne [14]

jec (ρ̂, t) = jre f
ec (ρ̂)

Te (ρ̂, t)δ

ne (ρ̂, t)
Pec (t) (4)

where jre f
ec represents the reference deposition profile and δ is

the current drive efficiency (here, δ = 1).
The self-generated bootstrap current is calculated using the

Sauter model [15]. The plasma resistivity η is modeled as

η (ρ̂, t) =
ksp (ρ̂) Ze f f

Te (ρ̂, t)3/2 (5)

where ksp is a reference profile and Ze f f is the mean effective
charge. Finally, the q-profile, which measures the twist of
magnetic field lines and relates to the magnetohydrodynamics
(MHD) stability, is given by

q (ρ̂, t) = −
Bφ,0ρ2

bρ̂

θ (ρ̂, t)
, where θ (ρ̂, t) ∆

=
∂ψ

∂ρ̂
. (6)

B. Heat Transport Equation

The temperature evolution in the core region is governed
by the 1-D HTE. The HTE for a plasma species (electron or
ion) is given by [16]

3
2
∂

∂t
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1
ρ2

bĤρ̂
∂

∂ρ̂

�
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ĜĤ2
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with boundary conditions

∂Ts

∂ρ̂

ˇ̌̌̌
ρ̂=0

= 0, Ts(ρ̂ped) = T ped
s .

Here, the subscript s ∈ {e, i} denotes the plasma species
(electron or ion), χs is the thermal diffusivity provided by
MMMnet, and Qs is the species heat deposition profile. The

density profile ns is computed using a half-dimensional model
with a prescribed shape from an experimental time slice

ns (ρ̂, t) = npro f
s (ρ̂) n̄s (t) (8)

where npro f
s is the reference density profile and n̄s is the

line-averaged density and quasi-neutrality implies ne ≈ ni.
However, a particle transport equation will also be integrated
into COTSIM in future development to enable fully predictive
density evolution. The total electron and ion heat deposition
profiles combine multiple contributions

Qe (ρ̂, t) = Qohm
e + Qnb

e + Qec
e + Q f us − Qrad

e − Qcoll
ie (9)

Qi (ρ̂, t) = Qcoll
ie + Qnb

i (10)

where Qohm
e is ohmic heating, Qnb

e and Qnb
i are neutral beam

heating to electrons and ions, Qec
e is EC heating, Q f us is fusion

heating, Qrad
e is radiative heat loss, and Qcoll

ie is ion-electron
collisional heating. The ohmic heating term is given by

Qohm
e (ρ̂, t) = η (ρ̂, t) jφ (ρ̂, t)2 (11)

where the total toroidal current density jφ is

jφ = −
1

µ0ρ
2
bR0Ĥ
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�
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Radiative losses are modeled as

Qrad
e (ρ̂, t) = kbrem Ze f f ne (ρ̂, t)2

p
Te (ρ̂, t) (13)

where kbrem is the Bremsstrahlung coefficient.
Ion-electron collisional heating is

Qcoll
ie (ρ̂, t) = νe (ρ̂, t) ne (ρ̂, t)

�
Te (ρ̂, t) − Ti (ρ̂, t)

�
(14)

where νe is the plasma collisionality. The neutral beam heating
terms Qnb

e and Qnb
i are obtained from NUBEAMnet. EC

heating is modeled empirically using Qre f
ec for the profile shape

and Pec for the injected power

Qec (ρ̂, t) = Qre f
ec (ρ̂) Pec (t) . (15)

The fusion power density Q f us, based on fusion energy QDT ,
deuterium (nD), and tritium (nT ) ion densities, and the D-T
reactivity 〈σν〉DT , is

Q f us (ρ̂, t) = QDT nD (ρ̂, t) nT (ρ̂, t) 〈σν〉DT (ρ̂, t) . (16)

C. Pedestal Model

In high-confinement mode (H-mode) operation, a sharp edge
transport barrier forms in tokamak plasmas, creating a pedestal
region where the pressure, temperature, and density gradients
become very steep. The pedestal sets the boundary condition
for the core plasma and plays a crucial role in determining
overall confinement performance and achievable plasma pres-
sure. The H-mode pedestal temperature serves as a boundary
condition in the COTSIM simulations. The height, width,
and slope are the key pedestal parameters. These parameters
determine the pedestal pressure, pped = 2 k ns Ts,ped, where k is
the Boltzmann’s constant and the pedestal temperature is given
by Ts,ped = ∆ (∂p/∂r)c / (2k ns). The critical pressure gradient
is defined as (∂p/∂r)c = −Bφ,0αc/2µ0R0q2, where αc is the
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Fig. 5. Comparison of COTSIM-predicted (a)–(c) electron and (d)–(e) ion temperature profiles with TRANSP predictive (TRANSP+MMM) and analysis
(TRANSP analysis) profiles using the PE.

normalized critical pressure gradient. The pedestal width ∆ is
derived from a scaling that accounts for flow shear stabilization

∆ = Cw
p
ρi R0 q (r) (17)

where ρi is the ion gyroradius and Cw is a tunable parameter.
In COTSIM, the pedestal temperature profile shape is esti-

mated using the normalized pedestal width ∆∗ [3]

Ts = T ped
s −

T ped
s

∆∗

�
ρ̂ − (1 − ∆∗)

�
. (18)

IV. RESULTS AND DISCUSSION

COTSIM’s predictions of electron and ion temperatures,
as well as the q-profile, have been validated against the
integrated modeling code TRANSP. TRANSP is a 1.5-D
transport simulation code widely used in tokamak experiments,
capable of running in interpretive (analysis) and predictive
modes [17]. In analysis mode, TRANSP calculates energy,
particle, and momentum transport coefficients using measured
equilibrium and plasma profiles together with accurate sources
and sinks. In predictive mode, it uses physics-based anomalous
and neoclassical transport models to evolve transport equations
in time and predict tokamak behavior under different operating
scenarios, enabling evaluation and optimization of plasma
performance.

The DIII-D experimental discharge 195 626 from the 2023
run campaign was used for both TRANSP and COTSIM
simulations. In the TRANSP predictive run, MMM was
used for anomalous transport; the NCLASS module handled
neoclassical resistivity, bootstrap current, and ion thermal
neoclassical transport [18]; the NUBEAM module was used
for NBI heating, fueling, torque, and current drive [13]; and
the TORAY full-wave model handled EC heating and current

drive [19]. Plasma equilibrium was computed using the fixed-
boundary toroidal equilibrium code (TEQ) [20].

To validate COTSIM against TRANSP, electron and ion
temperatures were predicted using the heat transport (7),
while the pedestal height and width were determined using
the PEDESTAL model. The q-profile was computed using
the magnetic diffusion (1). Turbulent transport was mod-
eled using MMMnet, and neoclassical transport was modeled
using the Chang–Hinton formulation. The COTSIM simulation
employed the same initial profiles, a simplified EC model (4)
and (15), NUBEAMnet for neutral beam actuator trajectories,
and either a prescribed or a fixed-boundary equilibrium. The
simulations employed a 0.01 s time step, 40 radial nodes, and
an implicit numerical scheme.

Figs. 5 and 6 compare COTSIM predictions of the Te

and Ti profiles with TRANSP predictive (TRANSP+MMM)
and analysis (interpretive TRANSP) results at different time
slices. Fig. 5 employs the PE, while Fig. 6 uses the fixed-
boundary equilibrium in COTSIM. The Te and Ti profiles are
derived from experimental diagnostics—primarily Thomson
scattering and EC emission (ECE) for Te, and charge-exchange
recombination spectroscopy (CXRS) for Ti—and are typically
provided as fit or reconstructed profiles. In the interpretive
(analysis) TRANSP framework, these profiles are prescribed
inputs and are not evolved by the transport model; however, in
predictive simulations, they serve as independent experimental
references for validation of model predictions. The influence
of plasma equilibrium formulation on the magnetic flux ψ, and
thus on the q-profile, is evident in Fig. 7. In the prescribed-
equilibrium case, fixed geometric factors constrain current
redistribution, whereas both TRANSP and the fixed-boundary
solver (FBS) update the equilibrium self-consistently with
the evolving current, yielding q-profiles in closer agreement.
The close agreement in the evolution of plasma profiles with
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Fig. 6. Comparison of COTSIM-predicted (a)–(c) electron and (d)–(e) ion temperature profiles with TRANSP predictive (TRANSP+MMM) and analysis
(TRANSP analysis) profiles using the fixed-boundary equilibrium.

Fig. 7. Comparison of q-profiles from COTSIM with (a) PE and (b) FBS against TRANSP, showing that the self-consistent fixed-boundary approach yields
better agreement than the geometry-constrained prescribed case.

the FBS demonstrates that COTSIM can reproduce TRANSP
results significantly faster and with comparable accuracy. Note
that in TRANSP the prediction boundary is limited to ρ̂ = 0.8,
whereas in COTSIM it extends to ρ̂ = 1.0, capturing the
pedestal region. Fig. 7 further shows that COTSIM reliably
reproduces the magnetic q-profile. For this discharge, a full
COTSIM simulation is completed in approximately 180 s,
compared to about 2 h for the corresponding TRANSP run
while maintaining similar predictive fidelity. The COTSIM
runs were performed on a laptop with a 2.3 GHz 8-core Intel
Core i9 processor.

V. CONCLUSION

COTSIM is a control-oriented predictive simulation frame-
work developed for fast tokamak scenario development
and validation. It integrates neural-network surrogate mod-
els to drastically reduce computation time while preserving

physics fidelity. MMMnet models anomalous transport based
on the MMM, while NUBEAMnet predicts NBI heating,
torque, and current drive effects using a surrogate trained
on the NUBEAM Monte Carlo code. To maintain consis-
tency with first-principles physics, COTSIM also incorporates
self-consistent magnetic diffusion, fixed- and free-boundary
equilibrium solvers, heat transport solvers, and empiri-
cal/theoretical models for Ze f f , pedestal structure, and power
deposition. Validation against a representative DIII-D dis-
charge shows that COTSIM-predicted electron temperature,
ion temperature, and safety-factor profiles closely reproduce
TRANSP predictive and interpretive simulations while extend-
ing predictions through the pedestal region up to ρ̂ = 1.0
(versus ρ̂ = 0.8 in TRANSP). Whereas a full TRANSP
simulation for this discharge requires about 2 h, the equiv-
alent COTSIM run completes in under 3 min, enabling rapid
scenario planning and optimization. Future development will
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extend COTSIM to include poloidal momentum transport and
L–H transition physics for full-discharge predictive capability.
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