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ABSTRACT
Quantitative infrared thermography, which aims to infer sur-
face temperatures from an infrared image, is challenging in
metallic environments. A local increase in the flux measured
by the camera may be due to indiscriminately an increase
in the temperature of the observed target or due to a change
in its surface properties. This paper addresses this ill-posed
inverse problem and provides a method to automatically
evaluate a confidence interval on the predicted temperature.
For this purpose, we use simulated data, generated with ray
tracing, to train a deep generative model able to approx-
imate an unknown probability distribution. We apply the
proposed method to simulated infrared images of fusion fa-
cilities, where infrared thermography is a critical diagnostic
for machine protection. We show that the model estimates
the temperature with a 6% mean error, and provides a 95%
confidence interval, on average 20% of the predicted value,
improving the reliability of the measurement.

Index Terms— cWGAN-GP, Inverse Problem, Infrared
Imaging, Ray Tracing, Nuclear Fusion

1. INTRODUCTION

Infrared imaging is a critical tool used to monitor in real-time
the wall temperature of nuclear fusion devices. These systems
are used in existing facilities such as WEST [1] (see Fig. 1),
and for the future international fusion device ITER [2].

However, mapping the observed infrared images to the
true surface temperatures exhibits significant challenges.
Measurements are deteriorated by parasitic disturbances, such
as a flux resulting from reflections on the metallic surfaces
of variable reflectivity and emissivity. Such inaccuracies in
temperature estimation are a limitation for an effective ma-
chine protection, leading to risks of either underestimating
temperatures, potentially causing damage, or overestimating
them, which might lead to unnecessary shutdowns.

Recent work has shown promising results by using ma-
chine learning to estimate surface temperatures from infrared
images [3] . Similar to modern methods of inverse rendering,
which aims to recover parameters of a scene from a captured
picture [4], the approach involves generating a large dataset of
simulated images, which is then used to train a convolutional
neural network in a supervised manner, which would not be

Fig. 1: Experimental image captured by one of the infrared camera focusing
on the lower divertor of the WEST tokamak during plasma operation.

possible with experimental data because of the absence of a
labeled ground truth. The network learns a mapping between
the infrared image and the actual surface temperatures, de-
spite not being provided with actual experimental values of
emissivity and reflectivity for the surfaces.

However, this study has shown its limitations in relying on
deterministic models. Determining temperature from images
is fundamentally an inverse problem, subject to ill-posedness:
for a given input image, there might be a wide range of pos-
sible temperature solutions due to information loss. A de-
terministic model cannot account for all these possibilities,
and tends towards an averaged answer over potential solutions
[5]. In inverse rendering, an additional fine-tuning phase us-
ing a differentiable renderer avoids returning an average of all
possible values and instead selects one plausible solution [6].
However, such an approach is not sufficient to ensure wall
protection in nuclear fusion devices, where an estimation of
the measurement uncertainties is required to make a decision
on the subsequent operations (power decrease or shutdown).

In this study, we explore the usage of generative models
providing a probability distribution of surface temperatures.
This approach allows the model to account for both uncer-
tainty as well as the potential multiplicity of solutions where
the data lack information. Section 2 describes the ill-posed
problem in the particular case of temperature measurement
from thermography systems. The implemented model, based
on the cWGAN-GP, an architecture currently used to solve
inverse problems [7], [8], is described in section 3. A first
evaluation of the temperature estimation model is performed
in section 4, before it is applied to simulated tokamak data in
section 5.



2. TEMPERATURE MEASUREMENT FROM
INFRARED IMAGES: AN ILL-POSED PROBLEM

Determining surface temperatures from infrared images is
a complex inverse problem involving unknown factors like
scene geometry, surface emissivity, reflectivity, and camera
measurement disturbances.

Infrared cameras in tokamaks capture light from observed
surfaces, modeled as an outgoing radiance Lout leaving a sur-
face point p in the direction ωo. The outgoing radiance re-
sults from a combination of emitted radiance, which depends
on the surface emissivity ε and temperature T , and parasitic
reflected radiance, which depends on the surface bidirectional
reflectivity ρ and incoming radiance Lin, integrated over all
possible directions Ωp. This study focuses on extreme sce-
narios where surface reflections are purely diffuse, leading to
a maximal information loss [9], making inversion challeng-
ing. Under these conditions, the infrared rendering equation
is expressed by eq. (1). L◦(T ) is the radiance emitted by a
blackbody of temperature T in the camera wavelength range
(in our case 3.8 to 4.0 µm [1]), an increasing function of T
obtained by using Planck’s law.

Lout
p,ωo

= εpL
◦(Tp) + ρp

∫
Ωp

Lin
p,ωi

cos [θi] dωi (1)

In this case, the captured image might not contain suffi-
cient information to determine a precise surface temperature
value. To address this challenge, our approach involves using
Bayesian probability distributions to deal with uncertainty.

3. GENERATIVE MODELS FOR INFRARED
INVERSE PROBLEMS

This section describes a generative model to provide proba-
bilistic temperature outputs from a single infrared image, en-
abling an estimation of measurement uncertainty.

3.1. Bayesian inference

In inverse problem solving, Bayesian inference is a classi-
cal probabilistic approach to handle uncertainties and ill-
posedness. Considering the random variables X (parameters
to be estimated, e.g., temperature and/or emissivity), Y (mea-
sured value, e.g., image in radiance), and N (measurement
noise), these variables are linked by a deterministic forward
operator F , as expressed in eq. (2).

Y = F(X) +N (2)
Knowing the prior probability distribution function pX ,

pY and pN of the three variables X , Y and N respectively,
Bayes’ theorem provides the posterior distribution pX|Y ex-
pression by scaling the prior distribution with the likelihood
of the measurement, as shown in eq. (3).

pX|Y (x|y) =
pN (y −F(x))pX(x)∫

X pN (y −F(x′))pX(x′) dx′ (3)

In our study, we aim to obtain a sampling method that ac-
curately follows the posterior probability distribution pX|Y ,
in order to estimate a range of uncertainty for the estimated
parameters after a specific measurement. While the theoret-
ical expression of this distribution can be derived, its prac-
tical application for sampling is difficult. Surrogate models
approximating the desired distribution, such as deep genera-
tive models, can be used. This paper demonstrates the usage
of such models to estimate uncertainties in temperature mea-
surement from infrared images.

3.2. Deep generative models

In our study, we use neural networks, more specifically gen-
erative models, as a method for sampling from the posterior
distribution pX|Y . The core idea is to introduce an additional
input, a simple random variable Z of known distribution pZ ,
and to train a model M to approximate the complex posterior
distribution pX|Y when being fed samples from Y and Z, as
expressed in eq. (4).

pM(Y,Z)|Y (x|y) ≃ pX|Y (x|y) (4)

Various generative model architectures have been ex-
plored, like Variational Autoencoders (VAEs) [10], Genera-
tive Adversarial Networks (GANs), or diffusion models [11].
In our case, we opted for a conditional GAN variant which
ensures a stable convergence and fast post-training sampling.

3.3. cWGAN-GP

The Conditional Wasserstein GAN with Gradient Penalty
(cWGAN-GP) is a kind of GAN constituted by a genera-
tor G(Z, Y ) and a discriminator D(X,Y ) conditioned by an
additional input Y . The goal is to map the latent variable
Z ∼ N (0, I) into the posterior distribution pX|Y , by ad-
versarially maximizing on G and minimizing on D the loss
defined by eq. (5).

LcWGAN = E [D(G(Z, Y ), Y )]− E [D(X,Y )] (5)

In practice, an additional loss term LGP is added to the
discriminator’s one to add a penalty when the norm of its gra-
dient diverges from 1, as described in eq. (6), with X̂ being
sampled by interpolating between samples produced by the
generator and real X distribution samples.

LGP = λGPE
[(∥∥∥∇X̂D

(
X̂, Y

)∥∥∥
2
− 1

)2
]

(6)

This additional loss term enforces a constraint over the
discriminator’s search space to provide convergence guaran-
tees: in theory, maximizing LcWGAN for G and minimiz-
ing it for D, when D is restricted to 1-Lipschitz functions,
leads to a generator that minimizes the 1-Wasserstein distance
between its generated distribution and the target distribution



[12]. Training typically involves alternating phases: the dis-
criminator is trained to minimize LcWGAN+LGP across sev-
eral batches, followed by a single batch where the generator
is trained to maximize LcWGAN.

Applied to infrared measurement, the cWGAN-GP learns
to approximate the distribution of temperatures autonomously,
given an infrared image without knowing surface materials
properties (emissivity, reflectivity).

4. APPLICATION IN CONTROLLED CONDITIONS

In this initial case study, our objective is to validate the ef-
ficacy of the cWGAN-GP in providing the correct Bayesian
posterior probability distribution. To achieve this, we have
constructed a controlled dataset that enables the computation
of the true posterior distribution, in order to compare it against
the prediction.

4.1. Dataset generation

The created dataset consists of synthetic infrared images mod-
eling a camera focusing on a small surface characterized by an
unknown temperature T and emissivity ε, regrouped in a pa-
rameter X = (T, ε) to estimate. In this case test, the reflected
part in eq. (1) is assumed to be negligible: it is equivalent
to expressing the outgoing radiance Lout as a direct function
of T and ε. The captured image is represented as a matrix
Y ∈ R3×3, disturbed by a noise N ∈ R3×3. The resulting
noisy measurement is described by eq. (7).

Y = F(X) +N = [εL◦(T )]3×3 +N (7)

This simple example highlights two important factors
of inverse problems: firstly, the measurement is affected by
noise, and secondly, even with an ideal measurement, multi-
ple pairs of temperature and emissivity values could yield the
same radiance.

The dataset of 60,000 elements is generated by sampling
the parameter X = (T, ε) with a prior distribution pX mod-
eled as the mixture of two multivariate Gaussian distributions.
Fig. 2 shows the resulting joint and marginal distributions in
temperature and emissivity of the dataset. A Gaussian noise
N ∼ N (03×3, σ

2
N ) is used to perturb the measurement.

4.2. Network architecture and learning phase

We used small multilayer perceptrons for both the gener-
ator and discriminator, each with four hidden layers of 15
neurons and LeakyReLU activation (slope 0.2). The gener-
ator processes a 13-dimensional input (a 3x3 image vector
plus a 4-dimensional latent vector) and outputs tempera-
ture and emissivity values, while the discriminator uses an
11-dimensional input (9-dimensional image vector plus tem-
perature and emissivity) to return a scalar.

The model was trained for 200 epochs on 50,000 images
(batch size 64), alternating between training the discriminator
on four batches and the generator on one. We set the discrim-
inator’s gradient penalty loss λGP to 10 and used an Adam
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Fig. 2: Prior distribution for the generation of the controlled environment
dataset: the joint probability distributions of temperature (T ) and emissivity
(ε), with their marginal probabilities plotted at the top and right, respectively.
For a given couple (T ∗, ε∗) represented by the black dot, the dashed line
shows the set of possible (T , ε) combinations that lead to the same emitted
radiance.
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Fig. 3: True Bayesian (green) and predicted by the cWGAN (red) posterior
distributions of temperature (T ) and emissivity (ε) after the measurement of
a noisy image generated from a true (T ∗, ε∗) couple. The distributions match
closely, and are both concentrated around the dashed line that represents the
set of possible (T , ε) combinations that leads to the same emitted radiance.

optimizer (parameters: 0.5 for β1, 0.9 for β2, learning rate
10−4).

4.3. Results

After training, the model is tested on a set of 10,000 images,
generated from the distribution pX . To evaluate the model ac-
curacy, the predicted posterior distribution pM(Y,Z)|Y is com-
pared with the true posterior distribution pX|Y . This ground
truth distribution is sampled using Metropolis-Hastings algo-
rithm [13], since pX , pN , and F can be easily evaluated.

Fig. 3 compares the true and predicted posterior distribu-
tions for a given measurement of the test set. In a first quali-
tative way, a good agreement is found between the prediction
and the ground truth value.

For a quantitative analysis, we fitted both distributions
to two-component Gaussian mixtures, comparing parameters
like means (µT , µε), standard deviations (σT , σε), the corre-



Metric
∣∣wP − wR

∣∣ /wR
∣∣µP

T − µR
T

∣∣ ∣∣µP
ε − µR

ε

∣∣
Mean 10.0% 2.7 ◦C 0.010

Metric
∣∣σP

T − σR
T

∣∣ /σR
T

∣∣σP
ε − σR

ε

∣∣ /σR
ε

∣∣rP − rR
∣∣

Mean 22.0% 19.4% 0.017

Table 1: Mean errors on the test set, obtained by comparing the real (R) and
predicted (P) Gaussian mixture fits.

lation coefficient (r), and Gaussian weights (w). The mean
absolute or relative errors over a test set of 10,000 samples
are listed in Table 1, indicating a high degree of accuracy: a
2.7 ◦C (resp. 0.01) mean temperature (resp. emissivity) error.

These promising results demonstrate the model ability to
deduce automatically the correct posterior distribution, sug-
gesting the potential for complex scenarios where exact dis-
tribution expressions may be unknown.

5. APPLICATION TO TOKAMAK SIMULATIONS

For this second experiment, we aim to get closer to the prac-
tical situations encountered while exploiting images provided
by the infrared cameras of a tokamak. More complex simu-
lated images are processed, as they result from a dataset of
simulations of the WEST tokamak. Contrary to the last ex-
periment, information is not sufficiently controlled to enable a
computation of a real Bayesian posterior distribution. We ex-
pect the cWGAN to still automatically approximate this pos-
terior distribution which will enable to attach uncertainties to
temperature predictions.

5.1. Dataset description

The training dataset is the one used in [3], which contains sim-
ulations of a WEST tokamak camera focusing on the lower
divertor. This component, which is exposed to a maximum
heat flux, is particularly susceptible to surface changes due
to erosion-deposition phenomena or damage such as melting
during operation, which affect its emissivity.

The synthetic dataset is created using ray tracing to simu-
late infrared images from a given thermal scene. The follow-
ing assumptions are made for the scenes: (a) uniform tem-
perature for each main in-vessel components (inner and outer
wall, antenna, baffle, ripples protection), (b) parameterized
function applied on lower divertor to roughly reproduce the
experimental strike line heat pattern [14], (c) uniform emis-
sivity for each in-vessel components, with the exception of
the spot of interest located on the lower divertor. Our study
focuses on this spot by varying the temperature and/or emis-
sivity. This allows us to generate pairs of similar images in
the dataset, i.e. with the same measured radiance given dif-
ferent couples (T, ε) used as input, as shown in Fig. 4. It is
worth noting that this assumes that the reflected light is dif-
fuse. This hypothesis places us in the most restrictive case,
where we cannot rely on specular reflection patterns to distin-

Fig. 4: Simulated image from the dataset showing a camera’s view of the
tokamak WEST’s lower divertor. A spot on the divertor exhibits either in-
creased temperature or emissivity, resulting in identical radiance and illus-
trating an ill-posedness challenge.

Residual convolution block:
[FiLM, LeakyReLU, Conv (3, 3) 
    + skip path] x 2Average pooling (2, 2)

Upsampling (2, 2)
Feature-wise Linear
Modulation (FiLM)

Skip connection,
concatenation

Conv (3, 3)

Fig. 5: Schematic representation of the conditional residual U-Net used as
generator. A latent vector is injected at each convolution step by scaling the
tensor features.

guish between different solutions.
The dataset, generated with varied camera positions, ori-

entations, emissivities (ranging from 0.05 to 0.5), and tem-
peratures (50 to 500 ◦C, exceeding 2,000 ◦C for the lower di-
vertor), consists of 128x128 pixel images. These images are
cropped from 640x256 pixel originals and transformed from
radiance measurements to apparent blackbody temperatures,
paired with the true temperature maps.

5.2. Network architecture and learning phase

The goal is to train the model to produce temperature maps
from a given input image.

The generator, inspired by [8], is a conditional U-Net,
augmented from the standard U-Net to integrate a latent vec-
tor z of dimension 4 using Feature-wise Linear Modulation
(FiLM) [15]. Fig. 5 illustrates the model. This U-Net variant
incorporates FiLM layers at each stage to ensure the latent
vector influences both semantic and spatial output details.
The network uses residual blocks, each with a FiLM layer, a
convolution layer, and an activation layer (LeakyRELU with
slope 0.3), plus a skip path. Downsampling and upsampling
are performed using AveragePooling and nearest-neighbor
interpolation, respectively. The model starts with 32 channels
per layer, doubling after every two downsampling stages,
leading to a total of 11.8 million trainable weights.

The discriminator processes two-channel inputs: the im-
age and the associated temperature map. It uses residual con-
volution blocks and (2, 2) max-pooling, with each block con-
sisting of two LeakyReLU layers, a (3, 3) convolution, and
a skip path with a (1, 1) convolution. Starting with 16 units



GAN

Fig. 6: Example of prediction made by the cWGAN on an image from the
test set, compared with its associated true temperature map (Treal). A set of
128 predictions is generated, and aggregated to compute a mean temperature
map (µT ) and standard deviation map (σT ). The predicted σT can identify
the local spot of greater uncertainty and approximate (to some scaling factor)
the absolute error made when using µT as temperature prediction.

per layer, the number doubles after each one of the 7 pooling
operations. The final stages use a dense layer of 128 units fol-
lowed by a single unit layer for output. This leads to a total
of 19.7 million trainable weights.

We trained the generator and the discriminator for 1,000
epochs using a training set of 30,000 images, with a batch
size of 48, and alternating between training the discriminator
on four batches and the generator on one. The discriminator’s
gradient penalty loss λGP is set to 10. We used an Adam opti-
mizer to update the weights of both models, with parameters
set to 0.5 for β1 and 0.9 for β2, with a learning rate of 10−4.

5.3. Results

The model performance is assessed on a test set consisting of
10,000 elements. For each test image, the trained generator is
fed 128 different latent vectors to produce a set of predictions.
These predicted temperature maps are aggregated to form an
average map (µT ) and a standard deviation map (σT ). We
demonstrate in this section that each predicted σT can effec-
tively be used to construct reliable confidence intervals for the
real temperature (Treal). An example of µT and σT predic-
tions is shown in Fig. 6 for a specific test image. The pre-
dicted σT can identify the local spot of greater uncertainty
and approximate (to some scaling factor) the absolute error
made when using µT as a temperature prediction.

To evaluate our model, we analyze separately the region
of the image where the apparent hot spot is located (referred
as ”ill spot” since it might be due to an increase in temperature
or emissivity), and the rest of the image. This is achieved by
tracking the location of the ill spot in each image and using
a 15x15 pixel window centered around it to split predictions.
Fig. 7 confirms that the model exhibits greater uncertainty at
the ill spot compared to other areas, by showing the mean
predicted relative standard deviation (µT /σT ) as a function
of the predicted mean temperature (µT ). Table 2 compares
the overall errors |µT − Treal| to the predicted σT : there is an
approximation of one degree between the two, which is proof
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Fig. 7: Mean relative standard deviations of the cWGAN predictions in func-
tion of the predicted temperature on the test set. Predictions are separated
into the one belonging to the ill spot or outside the point. The network has a
greater standard deviation in its predictions for the ill spot, indicating that it
is able to spot the zone of greater uncertainty.

Metric Inside ill spot Outside ill spot

Mean |µT − Treal| 29.6 °C 12.0 °C
Mean predicted σT 30.7 °C 10.9 °C
Mean |µT − Treal| /Treal 5.9% 6.8%
Mean predicted σT / µT 5.8% 6.5%

Table 2: Comparison of two error metrics on the test set with the mean
predicted deviations.

that σT seems to be a good estimate of the error.
Moreover, we illustrate the applicability of constructing

confidence intervals for the actual temperature (Treal) using
the predicted µT and σT . Figure 8 illustrates the probability
of Treal to be less than kσT away from µT , for both inside
and outside ill spot predictions. The close alignment of the
two curves suggests that σT , regardless of its magnitude, can
be reliably used to create confidence intervals. Specifically
for our task, the curves indicate a 95% probability that the
true temperature will be within 3 σT from µT , over 80% for 2
σT , and more than 50% for 1 σT . These results demonstrate
the ability of the model to generate meaningful uncertainties
after training with an appropriate synthetic dataset: the de-
rived confidence intervals, based on the predicted σT , are a
valuable indicator for decision-making processes in terms of
machine protection.

6. CONCLUSION AND PERSPECTIVES

This study addresses the challenges of temperature measure-
ment from infrared images in the complex environment of
nuclear fusion devices (tokamak) using metallic surfaces of
unknown emissivity and reflectivity. This paper deals with
ill-posedness while estimating the surface temperature or
emissivity. Our approach is based on a probabilistic model
able to reproduce the distribution of the training data and thus
provide a range of uncertainty on the solution (emissivity
and/or temperature). For this purpose, we developed a Condi-
tional Wasserstein GAN with Gradient Penalty (cWGAN-GP)
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model, which was trained and evaluated on simulated infrared
images. We show that such a model is powerful in generating
a reliable temperature probability distribution, even in sce-
narios where the exact distribution is unknown, or in cases of
extreme uncertainty. In the specifically studied setup, the av-
erage surface temperature is predicted with an average error
of 6% on 10,000 simulated test images with surface temper-
atures lying between 50 and 2,000 °C. On average, the 95%
confidence interval on temperature predictions represents
20% of the estimated value. These results, which provide a
good confidence interval around the temperature prediction,
are crucial information for decision making and improving
the safety of tokamak operations.

A significant aspect of this method is its automatic adapt-
ability to the complexity of the underlying inverse problem.
While this flexibility is advantageous, it also depends on the
representativeness of the training dataset, from which the pos-
terior distribution of the solution to the inverse problem is
learned. In our case, given the absence of ground truth in real-
world scenarios, the realism of the simulated data used for the
learning phase is crucial. This requires generating a massive
training dataset spanning the possible scenarios encountered
during tokamak operations, while limiting the range of varia-
tion of input parameters to avoid introducing too much uncer-
tainty. For example, several efforts are made to characterize
the material optical properties in laboratory.

In addition, a further step towards its application in toka-
mak should be to extend the model to handle multimodal in-
puts and to incorporate temporal dynamics. This could signif-
icantly improve prediction accuracy and uncertainty assess-
ment on experimental data.
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