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Physics-Constrained Neural Networks for Real-Time Reconstruction of

Radiated Power in DIII-D Plasma Control System
T. Odstrcil,1 Z. Bai,2 H. J. Farre-Kaga,3 W. Choi,1 D. Eldon,1 B. Sammuli,1 and A. Moser1
1)General Atomics, San Diego, CA, USA
2)Lawrence Berkeley National Laboratory, Berkeley, CA, USA
3)Princeton Plasma Physics Laboratory, Princeton, NJ, USA

(*Electronic mail:odstrcilt@fusion.gat.com)

(Dated: 29 September 2026)

A physics-constrained neural network is developed to predict radiated power across multiple plasma regions from foil
bolometer measurements using a limited set of real-time equilibrium features. The surrogate model enforces a linear
mapping between measured brightness and radiated power, enabling efficient inference with microsecond latency, suit-
able for real-time deployment. Model training is performed on a combination of large synthetic and real experimental
datasets, allowing the neural network to learn the mapping between the measured signal and radiated power across
varying plasma shapes while accounting for experimental noise, thereby improving its robustness. The model is opti-
mized to estimate near-axis radiated power, enabling early detection of ongoing impurity accumulation. The approach
has been implemented in the DIII-D plasma control system, demonstrating its capability for real-time operation.

I. INTRODUCTION

Early detection of impurity accumulation is crucial for
maintaining stable plasma operation, as timely intervention
such as electron heating or other countermeasures1,2 can miti-
gate the onset of deleterious effects. Although impurity ac-
cumulation is not presently a major concern in the DIII-D
tokamak with a carbon wall, the planned transition to a metal
wall is expected to significantly increase the risk of core im-
purity buildup, necessitating reliable and rapid detection for
future operation. Bolometric diagnostics provide the most
direct measurements of ongoing impurity accumulation, as
near-axis radiation, rather than impurity density alone, serves
as the primary indicator of this process. However, bolome-
ter signals are line-integrated, and resistive foil bolometer sig-
nals require deconvolution in time to obtain instantaneous ra-
diated power. As a result, reconstructing local emissivity or
region-resolved radiated power constitutes a challenging, ill-
posed inverse problem that is highly sensitive to experimental
noise3. Althought the other diagnostics, like soft X-ray also
provides measurement of impurity emission, their interpreta-
tion strongly depends on the electron temperature and their
are thus less suitable for realtime plasma control.

Conventional tomographic reconstruction methods4–6 and
more recent approaches based on Physics-Informed Neu-
ral Networks (PINNs)7 are computationally expensive, mak-
ing them unsuitable for real-time plasma control due to
the high cost of the underlying inverse problem. Alterna-
tive approaches based on Convolutional Neural Networks
(CNNs)8–10 can reconstruct the full two-dimensional radia-
tion profile below 10 ms. However, these methods typically
require additional post-processing using magnetic equilibrium
information to determine the radiated power within regions of
interest. Another approach is the linear surrogate model11,
which learns a linear mapping from bolometer measurements
to the radiation image. For a fixed spatial mask, this mapping
reduces to a vector inner product, enabling real-time moni-
toring of plasma radiation. However, none of these fast ap-
proaches8–11 explicitly incorporates magnetic equilibrium in-

formation into the reconstruction, despite its importance for
obtaining reliable results from the limited number of bolome-
ter lines of sight.

In this work, we propose a novel method based on a physics
constrained neural network (PCNN) that directly estimates the
radiated power from major plasma regions without explicit
tomographic reconstruction. This proposed method achieves
microsecond-level latency, improved noise robustness and and
agreement with the conventional tomography code pyTomo6,
enabling practical deployment for real-time plasma control in
tokamak operation.

This article is structured as follows. Section II describes
the PCNN architecture, including the incorporation of physics
constraints and the associated training procedures. Section III
describes the construction of the training databases used for
supervised and unsupervised learning. Finally, Section IV
evaluates the proposed approach by comparing the radiated
powers estimates from the PCNN with those obtained from
offline conventional tomography reconstruction and a legacy
method based on fixed geometry-derived weighting.

II. NEURAL NETWORK FOR RADIATED POWER
ESTIMATION

As outlined in the introduction, the primary objective
of the proposed PCNN is to directly estimate the radi-
ated power within predefined regions of interest (ROIs), by-
passing the computationally intensive reconstruction of a
full two-dimensional emissivity profile. This reduced, low-
dimensional mapping enables the PCNN architecture to uti-
lize an efficient multilayer perceptron12 (MLP) architecture
that satisfies real-time control latency requirements. However,
the model must also meet additional constraints arising from
both the underlying physics of this problem, as well as the
demands of real-time plasma control.

The forward tomographic problem is governed by a Fred-
holm integral equation of the first kind, which maps the total
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2

plasma emissivity εtot to the diagnostic measurements:

bi =
4π

⟨AΩ⟩i

∫
LOSi

εtot(R,Z)dV, (1)

where bi represents the line-integrated brightness (W/m2)
measured along the i-th line-of-sight (LOSi), ⟨AΩ⟩i denotes
the geometric etendue of the respective detector. The radiated
power within a specified region of interest (PROI) is subse-
quently defined as the volume integral of this local emissivity:

PROI =
∫

ROI
εtot(R,Z)2πRdRdZ. (2)

The boundaries of the ROI, such as the core, and the up-
per/lower divertor, . . . , depend on the magnetic equilibrium
of plasma. Consequently, a linear relationship exists between
the measured b and power PROI, but only for fixed plasma ge-
ometry. Furthermore, in the absence of experimental noise,
brightness and power PROI are both non-negative. These
geometry-dependent linearity and non-negativity constraints
form the foundational physics that motivate the architecture
of the PCNN developed in this work.

A. Network architecture

The model is designed to satisfy both physics constraints
(i–iii) and real-time deployment requirements (iv–vii):

i) Radiated power is a linear function of the line-
integrated brightness

ii) Radiated power is non-negative, i.e., PROI ≥ 0

iii) Power estimates are consistent across overlapping re-
gions

iv) Robustness to experimental noise

v) Dependence only on brightness b and real-time equilib-
rium parameters

vi) Low memory footprint (< 200 kB)

vii) Ability to exclude broken bolometer channels without
retraining

Requirements i) and ii) are mutually incompatible; there-
fore, positivity is enforced via the loss function rather than by
the PCNN architecture. Linearity at a fixed plasma geometry
implies that the PCNN depends only on plasma shape parame-
ters, while radiated power is obtained as a linear combination
of brightness with weights predicted by the PCNN. Plasma
shape parameters are provided by realtime equilibrium recon-
truction code rtEFIT13. A low memory footprint is required
because keras2c14, tool converting Keras neural network mod-
els into standalone C99 code is used to integrate the PCNN
inside the DIII-D e plasma control system15 (PCS), and the
network is stored in stack memory16. This is not a funda-
mental limitation and can be overcome in the future for more
complex models.

Let x ∈ RNEFIT denote rtEFIT shape parameters and b ∈
RNch the bolometer brightness. The radiated power P∈RNpower

is modeled as

P(x,b) = W(x) b̃, b̃= Ab, (3)

where A ∈ RNlow×Nch is a low-rank projection matrix and b̃ ∈
RNlow is a reduced representation of the measurements.

The network predicts a coupling matrix W(x) ∈
RNpower×Nlow using an MLP with a linear offset:

W(x) =W0 +Wlinx+MLP(x), (4)

where W0 is a constant offset and Wlin a linear mapping. The
MLP is a fully connected feed-forward network with ReLU
activations defined as ReLU(x) =max(0,x), and three hidden
layers, with output reshaped to RNpower×Nlow . The full model
reads

P(x,b) =
[
W0 +Wlinx+MLP(x)

]
(Ab). (5)

Fig. 1 illustrates the complete network structure. The pro-

.
.
.

.
.
.

.
.
.

W  + W0

b

A

W(x)  + Wlin + W0 bolometer brigthness

Radiated
power

+

+

+EFIT 
scalars

FIG. 1. Schematic of the neural network architecture for predict-
ing radiated power from plasma shape parameters and line-integrated
brightness b.

jection matrix A improves robustness to noise and reduces
the size of the last hidden layer. It also enables handling of
missing channels gracefully: by taking a pseudo-inverse, ze-
roing the corresponding rows, and recomputing the pseudo-
inverse, a new projection operator is obtained that yields the
least-squares optimal low-dimensional representation without
retraining. The motivation behind the use of the linear resid-
ual branch is to improve extrapolation beyond the training set
regime. All network parameters, including A, are learned dur-
ing the training process.

B. Physics-based constraints

The PCNN can be trained for multiple different objectives
by adding appropriate terms in the loss function. For exam-
ple, positivity ii) and consistency iii) are not enforced through
the network architecture, but are instead imposed as training
constraints during optimization. The composite loss function
L for training is thus defined as follows:

L = Ldata +α LW +β Lneg + γ Lcon, (6)

where α,β ,γ are weighting coefficients and the individual
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terms are defined as

Ldata = MSE
(

P(x,b)−Ptrain

Pmean

)
,

LW = MSE(W(x)),
Lneg = MSE(max{−P(x,b),0}) ,
Lcon =Cldiv +Cudiv +Ctot.

Cldiv = MSE(Pldiv −Pldivi −Pldivi)

Cudiv = MSE(Pudiv −Pudivi −Pudivi)

Ctot = MSE(Ptot −Pldiv −Pudiv −Pcore −PSOL)

Here, Ldata is mean square error (MSE) of power normal-
ized by mean value over the database Pmean, LW regularizes
the coupling matrix W, Lneg enforces positivity, and Lcon en-
forces consistency. Specifically, Cldiv and Cudiv penalize dis-
crepancies between inner/outer divertor components and total
divertor power, while Ctot enforces consistency between total
power and the sum of the core, scrape-of-layer (SOL), and
both divertors. Location of these radiative regions is defined
in Sec. III A.

Predicting aggregated quantities (Ptot, Pldiv, Pudiv) directly,
rather than calculating them as a sum of individual terms, im-
proves accuracy, as larger regions can be estimated more reli-
ably than smaller, localized contributions.

III. TRAINING OF ARTIFICIAL NEURAL NETWORK

The PCNN was trained simultaneously on labeled and unla-
beled datasets. Supervised training used a synthetic database
generated from radiation patterns reconstructed by an offline
tomography algorithm, as described below. In parallel, train-
ing was also performed on an unlabeled dataset consisting
of experimentally measured line-integrated brightness. Al-
though these data lack ground-truth labels, they still provide
constraints on the solution through positivity and consistency
requirements and, importantly, enable the model to learn real-
istic channel-specific noise and characteristics across a large
set of experimental discharges.

A. De�nition of radiative regions

The PCNN predicts radiated power in predefined regions
rather than reconstructing a full 2D emissivity profile, which
is more suitable for real-time control purposes. The regions
depend on the plasma equilibrium and are illustrated in Fig. 2.
The near-axis region power Paxis (normalised poloidal flux
ΨN < 0.2) is used for the detection of impurity accumula-
tion. The core region Pcore (ΨN < 0.9) includes the axis and
is relevant for power-over-separatrix estimate and core radia-
tive fraction control. The edge region PSOL (0.9 < ΨN < 1.2),
dominated by low-Z radiation, is treated separately as the
SOL. The lower (upper) divertor Pldiv, (Pudiv) is defined as the
region below (above) a horizontal line 20 cm from the cor-
responding X-point. Inner and outer strike point powers are
obtained by splitting the divertor along a line connecting the

X-point and magnetic axis. The total radiated power Ptot cor-
responds to emission within the vessel.

axis

SOL

udivoudivi

core

ldivo
ldivi

FIG. 2. Definition of radiative regions for an example upper single-
null discharge. The plasma cross-section with poloidal flux contours
(dashed lines) is overlaid with DIII-D bolometer lines of sight.

B. Synthetic training database

The synthetic database was constructed from reconstruc-
tions obtained using the fast 2D tomography code pyTomo6

with bolometer regularization developed for JET17. A set of
149 representative discharges between 193831–205055 was
selected using k-means clustering to span a broad range of
plasma shapes without any additional constrains for selected
scenarios. These reconstructions provided 35006 time slices,
which are, however, strongly correlated within each discharge.
Plasma shape input for PCNN included lower and upper X-
points location, magnetic axis location, lower and upper tri-
angularity τtop, τbot , elongation κ , minor radius a, and dRsep
parameter mid-plane radial distance between the separatrixes
of the upper and lower divertor X-points. All of these eleven
parameters are provided by rtEFIT in real-time.

The diversity of plasma shapes spanned by the training
database was increased by random stretching and shifting
of the original tomograms, along with the corresponding
poloidal flux matrices and proper transformation of plasma
shape parameters. Each sample was augmented by random
spatial transformations: horizontal and vertical shifts within
±10 cm and scaling by a factor of 0.9-1.1, obtaining a new
profile ε̃ . Emission outside the vessel was masked to avoid
unphysical profiles.

Since this PCNN is intended to be applied for radiated
power measurement also with an anticipated metal-wall op-
eration of DIII-D and there are no high-Z radiation profiles
in the training database, we have decided to add an artificial
tungsten radiation component εW :

εW = cW n2
eLW (Te)exp

[
λ (R2 −R2

0)
]
, (7)

cW (ΨN) = cW,0
[
1+η exp(−ΨN/σ

2)
]
, (8)
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with cW,0 ∼ logN (−9,1), η ∼ logN (0,1), and σ ∼
logN (0,1), where logN denotes a log-normal distribution.
Parameters cW,0, η and σ were defined to produce realistically
looking εW profiles. LW is a W cooling factor evaluated at ex-
perimentally measured electron temperature Te profile and the
exponential term on the right side of Eq. (7) represents a cen-
trifugal asymmetry18, where the coefficient λ is function of
measured plasma rotation, temperatures and effective charge.

In the final step of data augmentation, the total emissivity
εtot = ε̃ +εW was independently scaled in each region (Fig. 2)
by logN (0,1). This augmentation was repeated 1000× per
each spatially transformed sample, resulting in ∼ 3.5× 107

samples. Since every 1000 samples share identical plasma
shape parameters, the MLP output remains the same, keeping
training computationally efficient. Synthetic brightness was
computed via the geometry matrix T from Cherab code19, en-
abling efficient evaluation without storing full 2D emissivity
profiles. Gaussian noise was added with a variance estimated
from the difference between the measured and reconstructed
brightness.

C. Experimental training database

To better capture real noise characteristics, the training set
was extended with an unlabeled experimental dataset com-
prising all DIII-D discharges longer than 4 s with available
real-time bolometer data (i.e. shots 193831–205055). The
resulting dataset contains 4841 discharges and 4.8×106 sam-
ples. Obtaining radiated power via off-line tomography for
this number of discharges is not practically feasible. The sig-
nals were smoothed using a first-order recursive filter with a
5 ms time constant and subsequently downsampled to 50 ms.
Although unlabeled, these data contribute to training through
positivity and consistency constraints and provide realistic
noise statistics representative of a large set of discharges.

D. Network training

To train the network shown in Fig. 1, the dataset was parti-
tioned into 90% training and 10% testing subsets. The parti-
tioning was performed at the pulse level to prevent data leak-
age, ensuring that samples from the same discharge do not
appear in both sets. The network architecture was constrained
by the PCS memory requirement (vi); hidden layer sizes of
(96,128,64) and Nlow = 16 provided a good trade-off between
accuracy and model size.

The loss function parameters (Eq. 6) were empirically cho-
sen, α = 10−5, β = 0.1, and γ = 10−4 to balance enforce-
ment of physical constraints with predictive accuracy. Train-
ing was performed in Python using the JAX framework20

and the Optax optimization library, employing the AdamW
optimizer21 with a learning rate of 10−3. Batch sizes were
limited by available GPU memory to 2048× 1000 synthetic
samples and 2.9×105 experimental samples per epoch. JAX
provided automatic differentiation, just-in-time (JIT) compi-
lation, and efficient GPU acceleration.

Training was run for 3000 epochs until the validation loss
plateaued (Fig. 3). The training loss continued to decrease, in-

dicating that further training would result in overfitting. With
an epoch time of ∼ 4.2 s on an NVIDIA RTX A5000 Lap-
top GPU, the total training time was under 4 hours. Single-
threaded inference of the PCNN on a 13th Gen Intel Core i7-
13700H processor requires approximately 10 µs, well below
the 50 µs control cycle latency of the DIII-D PCS, making the
model suitable for real-time deployment.

0 1000 2000 3000 4000 5000
Epoch

10 1

100

Lo
g 

Lo
ss

Loss over epochs
Training loss
Validation loss

FIG. 3. Training and validation loss during neural network optimiza-
tion using the AdamW algorithm. Validation curve after ∼ 3000
epochs plateaued.

IV. RECONSTRUCTION OF RADIATED POWER

The accuracy of the PCNN is illustrated in Fig. 5 by his-
tograms comparing the inferred power from noise-free syn-
thetic data with the corresponding ground-truth power. The
coefficient of determination (R2) and symmetric mean abso-
lute percentage error (sMAPE) are used to quantify the recon-
struction accuracy in each region. For inferred and reference
datasets x and x̃, respectively, sMAPE is defined as

sMAPE =
2∑i |xi − x̃i|

∑i (|xi|+ |x̃i|)
. (9)

The sMAPE is as low as 2% for the total radiated power and
5% for the core radiated power. In contrast, the largest errors
are observed in the divertor regions, with sMAPE values of
16% for the upper divertor, 40% for the inner strike point, and
24% for the outer strike point.

For the experimental data, where ground truth is not avail-
able, performance is assessed via the positivity constraint
(Tab. I). High positivity fractions are obtained for large re-
gions, while lower values are observed for the upper divertor
and Paxis. This is expected, as the radiated power in these re-
gions is often small and close to the noise level.

TABLE I. Positivity fraction on experimental dataset
Quantity P > 0 Quantity P > 0
Ptot 99.9% Pldivi 95.1%
Pcore 99.2% Pldivo 94.4%
Paxis 86.7% Pudiv 84.8%
Psol 85.1% Pudivi 75.0%
Pldiv 93.1% Pudivo 85.1%
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FIG. 4. Histograms of radiated power inferred by the PCNN from noise free synthetics data are compared with the ground true values.

FIG. 5. Subplots show radiated power inferred by the PCNN (blue) and legacy method (red), compared with power obtained by integrating
2D pyTomo tomograms over the radiative regions. Individual points represent measured experimental brightness from the original dataset in
Sec. III B. Error is estimated using sMAPE defined by Eq. (9)

A. Validation on Experimental Data

Model performance on experimental data is evaluated in
comparison with the conventional tomographic reconstruction
from the pyTomo code, used to construct the augmented syn-
thetic dataset. Importantly, the original experimental mea-
surements and corresponding pyTomo reconstructions were
never directly used during training, as the synthetic data were
generated by re-projecting already modified radiation profiles
using the projection matrix T, discarding original measure-
ments. Note that the trained PCNN should be considered
an independent method for power reconstruction, sharing the
same forward model (via the geometry matrix T used to cre-
ate synthetic measurements), rather than a surrogate for the
pyTomo code.

Furthermore, the PCNN inference is based on real-time
bolometer signals22,23, which must rely on simple causal sig-
nal processing for deconvolution of bolometer signals, in-

troducing ∼ 40 ms lag, whereas offline tomography employs
more robust non-causal filtering. The pyTomo reconstruction
is therefore not treated as the ground truth, but rather as a ref-
erence, since it is also affected by uncertainties inherent to the
ill-posed inversion problem.

For comparison, a “legacy” method is plotted. This ap-
proach uses fixed weights for Ptot, Pldiv, and Pudiv, assuming
certain distance between detector and radiative center, and
a 1D spline-based tomographic inversion for Pcore, Paxis, and
PSOL

5. However, only the weight-based signals were available
in the PCS for plasma control22.

The results are shown in Fig. 5, where PCNN and legacy
predictions are compared against pyTomo. Both methods
accurately reproduce total radiated power, with the PCNN
exhibiting significantly lower scatter. This improvement
is attributed to the learned channel weighting, which sup-
presses noise contributions, in contrast to the geometry-based
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weights, unaware of experimental uncertainty, used in the
legacy approach. A significant systematic discrepancy was
found in the legacy method calculation of a lower divertor
power, where the power is overestimated by about 50%, while
the PCNN provides very good agreement. The reduced accu-
racy in upper divertor power estimation is partly attributable to
a low Pudiv in lower single-null discharges. Discharges in USN
shape with Pudiv > 1 MW exhibit good agreement with the ref-
erence. Pcore is slightly underestimated relative to pyTomo,
particularly at low powers. Finally, Paxis shows increased scat-
ter, reflecting both the inherent difficulty of the measurement
and the low power magnitude. Nevertheless, the model main-
tain good agreement at higher radiation values, which are the
most critical for early detection of impurity accumulation.

B. Detection of near-axis W accumulation

The primary motivation for training the PCNN is to provide
a reliable signal for early detection of impurity accumulation.
When identified at an early stage, impurity buildup can be effi-
ciently suppressed by electron cyclotron (ECH) heating, pro-
vided such on-axis heating is possible. The performance of
the neural network was tested on an ELM-free, wide-pedestal
QH-mode discharge with slow tungsten accumulation. Tung-
sten slowly migrated from the wall, where it was deposited
in previous experiments, into the plasma core. Accumulation
started shortly after the LH transition at 1.0s and continued
till the end of the discharge despite near-axis ECH heating.
Core radiated power from PCNN closely follows the power
from pyTomo code. Small difference in the near-axis power is
within the uncertainty of the tomographic reconstruction.

FIG. 6. Time trace of core radiated power (ΨN < 0.9) and near axis
radiation inside of ΨN < 0.2 during slow tungsten accumulation in
discharge 190549. Power inferred by PCNN is in red and from con-
ventional tomography by PyTomo code in blue

V. DISCUSSION

The actual accuracy of the predicted power is difficult to
quantify because the ground truth is unavailable for experi-
mental data. The trained PCNN shows good agreement with
both the synthetic dataset and the conventional tomographic

algorithm pyTomo. However, systematic errors in the LOS
geometry, etendue, and absolute bolometer calibration are
shared by both methods because they use the same forward
model, represented by the geometry matrix T, and the same
calibrated measurements. Moreover, PCNN predictions de-
pend on the procedure used to generate the synthetic training
dataset, which augments radiation profiles obtained from py-
Tomo. Since tomographic inversion based on only two views
and 48 channels on DIII-D is an ill-posed problem, the recon-
structed radiation profiles are not unique and depend on the
choice of prior.

Physics-based phantoms, for example radiation profiles cal-
culated using plasma-edge models such as SOLPS24, could
reduce biases introduced by the priors used in conventional
tomography. However, the scarcity of detailed edge simula-
tions currently makes them unsuitable for constructing a suf-
ficiently large and diverse training database.

For practical applications, the sMAPE values obtained from
the synthetic validation in Fig. 5 provide an estimate of the re-
construction error associated with the PCNN, but should not
be interpreted as a complete measure of the uncertainty in ex-
perimental radiated power.

VI. SUMMARY

In this work, we have developed an physics constrained
neural network model for real-time calculation of the radi-
ated power from foil bolometers on the DIII-D tokamak.
Based on plasma shape parameters, the model predicts lin-
ear weights based on actual plasma shape and applies them
to line-integrated brightness to derive radiation in multiple re-
gions of interest. Because the weights are trained on a mixed
synthetic and real experimental dataset, they are aware of typ-
ical experimental noise in each channel and produce lower
noise and higher-accuracy signals than the currently imple-
mented algorithm based on fixed-geometry weights. High
signal-to-noise is particularly valuable for reliable measure-
ment of near-axis radiation, required for early detection of
impurity accumulation. The algorithm is integrated into the
DIII-D PCS system and will be combined with an ECH con-
troller for real-time radiation control.
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