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Abstract
Purpose – A deep geological repository for radioactive waste, such as Andra’s Cigéo project, necessitates long- 
term monitoring. This monitoring is achieved by collecting data from various sensors. However, due to 
environmental conditions (radioactivity and mechanical constraints), this set of sensors is prone to deterioration over 
time. Therefore, it is essential to replace the responses of faulty sensors with comprehensive predictions. Graph 
neural networks (GNNs) are appropriate models for these predictions, as they efficiently characterize the physical 
phenomena present in the system, leverage the underlying topology of the data and can be used to infer general 
dependencies. The purpose of this paper is to study the effectiveness of GNNs for this temperature interpolation task. 
Design/methodology/approach – In this paper, the authors trained several types of GNNs for temperature 
forecasting using experimental data from Andra’s Underground Research Laboratory. The specific experiment used 
to train the machine learning algorithms simulates the heating of a high-level waste (HLW) demonstrator cell by 
radioactive waste within a deep geological layer. The model the authors used is a forward-integrating GNN that takes 
the initial temperature and boundary conditions as input and outputs the temperature field at all future time steps. 
Findings – By comparing GNNs to other machine learning algorithms (Gaussian processes, artificial neural 
networks and kriging), the authors proved their effectiveness for data completion. 
Originality/value – This work is original as it proposes the use of time-integrating GNNs for data 
completion through transfer learning, using data collected from an industrial demonstrator that simulates the 
heating of a HLW cell by radioactive waste. 

Keywords Graph neural network, Temperature forecast, Radioactive waste monitoring, Sensor net
work, Transfer learning, High-level waste demonstrator cell
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1. Introduction
The most hazardous and long-lasting radioactive waste, primarily produced by the nuclear 
power industry, cannot be safely stored above ground. For this reason, the Andra’s Cigéo 
project aims to design and build facilities for the disposal of French high-level (HLW) and 
intermediate-level radioactive waste in a deep geological formation known as the 
Callovo–Oxfordien, as illustrated in Figure 1. These facilities also require long-term 
monitoring, which is facilitated by an extensive network of sensors. However, the harsh 
environment (radioactivity and mechanical convergence of the tunnels) to which these 
sensors are exposed to, leads to sensor failures (bias and drift). Given that these sensors are 
not easily accessible, it is crucial to identify faulty sensors based on their responses and 
replace their values with accurate predictions to ensure reliable and consistent monitoring of 
the facilities. Therefore, a method for identifying inconsistent data using graph neural 
networks (GNNs) (Hembert et al., 2024) and another method for replacing inaccurate data 
based on temperature forecasting (Muñoz et al., 2024) have been proposed. In this paper, we 
propose another framework for temperature forecasting that uses forward-integrating GNNs.

Figure 1. Andra’s Industrial Centre for Geological Disposal, Cigéo 

This work is based on data collected at the Andra Underground Research Laboratory 
(URL). More specifically, the data comes from the thermal loading of a HLW demonstrator 
cell. This cell is a heavily instrumented demonstrator (equipped with both point and 
distributed sensors), that was loaded with thermal sources (Muñoz et al., 2024; Bumbieler 
et al., 2024) to simulate the heating of the cell by HLW, as shown in Figure 2.

Figure 3 depicts the temperature distribution observed during the thermal loading 
experiment across all sensors. The temperature field has been reconstructed using robust 
principal component analysis (Muñoz et al., 2024). The heating experiment starts at 
approximately 130 days into the study.

GNNs are well-suited for temperature forecasting in this specific context. Graph not only 
represent the topology of the sensor network but also account for thermal phenomena, with 
heat flow occurring along the edges and energy conservation principles applying at the 
nodes.

GNNs operate on graph structured data and can perform different tasks (i.e. classification 
and regression) at different levels of the graph (Sanchez-Lengeling et al., 2021; Peter et al., 
2018; Wu et al., 2019b; Zhang et al., 2020; Zhou et al., 2020; Hoang et al., 2023; Nguyen 
et al., 2022; Procaccini et al., 2024; Khemani et al., 2024; Zhang et al., 2019):
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• Tasks on the graph level produce a single prediction for the whole graph [e.g. 
estimating the toxicity of a molecule given its graph (Cremer et al., 2023)].

• Tasks on the node level produce a prediction for each of the nodes [e.g. classifying scientific 
articles based on the citation graph (Maurya et al., 2021; McCallum et al., 2000)].

• Tasks on the edge level produce a prediction for each of the edges of the graph [e.g. 
friend recommendation provided a social network graph (Wang, 2022)].

GNNs in this work perform a regression task on nodes: given a temperature field (i.e. the 
temperature at every node of the graph) at a given time step, they predict the temperature 
field at the next time step.

GNNs rely on the iterative applications of a mechanism that updates the embeddings of 
the graph (i.e. the information contained in the nodes and the edges) without altering the 
connectivity of the graph. This mechanism, which exploits the topology of the graph, is 
known as message-passing and has been formalized by Gilmer et al. (2017). It can be broken 
down into elementary operations performed on individual nodes, which include the 
following (Sanchez-Lengeling et al., 2021; Peter et al., 2018; Wu et al., 2019b; Zhang et al., 
2020; Zhou et al., 2020; Hoang et al., 2023; Nguyen et al., 2022; Procaccini et al., 2024; 
Khemani et al., 2024; Zhang et al., 2019; Gilmer et al., 2017; Daigavane et al., 2021):

Figure 2. Thermal loading of the HLW demonstrator cell 

Figure 3. Reconstructed data from the thermal loading of the HLW demonstrator cell 
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• Pick the individual node v (in the set of the graph’s nodes V) whose embedding is to 
be updated.

• Determine the neighborhood N vð Þ of the chosen node v. Then, gather all the 
neighboring nodes’ (and edges) embeddings xuð Þu2N vð Þ (these are the messages).

• Apply a node order equivariant concatenation function α to transform the 
neighboring nodes’ (edges) embeddings into a node embedding-like vector 
α xuð Þu2N vð Þ

� �
∼ xv.

• Use a ϕ update function that inputs the concatenated messages α xuð Þu2N vð Þ

� �
and 

the selected node’s embedding xv and outputs the updated node embedding x′
v. 

Generally, this update function ϕ is discovered by a neural network (usually a multi- 
layer perceptron [MLP]).

By subsequently using the same process for every node in the graph, a new graph with 
updated embeddings is generated. Figure 4 presents this mechanism and demonstrates how it 
leverages the topological information contained in the graph by incorporating neighboring 
elements when updating the nodes’ embeddings. Equation (1) outlines how this mechanism 
is implemented in a GNN layer to update the node embeddings from layer l to updated 
embeddings at layer l + 1 (Peter et al., 2018; Gilmer et al., 2017):

Figure 4. Message passing mechanism 

8v 2 V; �xl+ 1
v =ϕl αl xlu

� �

u2N vð Þ

� �
; xlv

� �
(1) 

An important aspect of message passing is that both the concatenation function α and the 
update function ϕ are shared across all nodes (Daigavane et al., 2021), thereby ensuring 
consistency throughout the graph and granting GNNs their generalization capabilities. This 
scheme is fundamental to the different GNN models. Furthermore, the update function ϕ and 
the concatenation function α can differ for each layer l.

Many GNN layers have been developed over the years (Peter et al., 2018; Wu et al., 
2019b; Zhang et al., 2020; Zhou et al., 2020; Hoang et al., 2023; Nguyen et al., 2022; Chen 
et al., 2021). In this study, we use three distinct types of layers, namely, the graph 
convolutional network (GCN) (Bruna et al., 2014; Henaff et al., 2015; Defferrard et al., 
2017; Kipf and Welling, 2017), the GraphSAGE (Hamilton et al., 2018) and the graph 
attention network (GAT) (Veličković et al., 2018; Zheng et al., 2022; Wang et al., 2021; 
Knyazev et al., 2019).
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GCN is a fundamental GNN layer. The GCN layer used in this paper is based on the 
works of Kipf and Welling (2017). Equation (2) presents the proposed GCN layer (Zhang 
et al., 2020; Daigavane et al., 2021; Wu et al., 2019a; Dehmamy et al., 2019). Wl

0 and Wl
1 are 

two distinct MLPs that consider the previous node embedding and the node’s neighborhood, 
respectively. σl represents an often nonlinear activation function (e.g. rectified linear unit 
(ReLU) and exponential linear unit (ELU)). cu; v is the normalization scheme depending upon 
the size of the neighborhoods of nodes u and vcu; v =

ffiffiffiffiffiffiffiffiffiffiffiffiffiffi
jN uð Þj

p
�
ffiffiffiffiffiffiffiffiffiffiffiffiffiffi
jN vð Þj

p
:

8v 2 V; �xl+ 1
v = σl xlv �W

l
0 + ∑

u2N vð Þ

xlu
cu; v

" #

�Wl
1

 !

(2) 

GraphSAGE layers rely on a node-order invariant aggregation function Agg to concatenate 
information of neighboring nodes (rather than using an MLP). This design choice ensures 
that GraphSAGE is less computationally intensive than GCN and thus making it more 
suitable for larger graphs. The GraphSAGE layer implemented in this work is adapted from 
the framework introduced by Hamilton et al. (2018). Equation (3) introduces the proposed 
GraphSAGE layer (Daigavane et al., 2021):

8v 2 V; �xl+ 1
v = σl xlv; Aggu2N vð Þ xlu

� �h i
�Wl

� �
(3) 

GAT layers depend on an attention mechanism to assess the significance of connections 
between two nodes. Consequently, GAT layers enable greater generalization at a higher 
computational cost compared to GCN or GraphSAGE. The GAT layer used in this work is 
based on the work of Veličković et al. (2018). Equation (4) defines the proposed GAT layer 
(Daigavane et al., 2021; Knyazev et al., 2019), while the attention mechanism alu; v, 
implemented through the attention MLP Al, which takes the embeddings of two connected 
nodes as inputs, is detailed in equation (5):

8v 2 V; �xl+ 1
v = σl alv; v � x

l
v + ∑

u2N vð Þ
alu; v � x

l
u

� �
�Wl

� �
(4) 

8v 2 V; 8u 2 N vð Þ; �alu; v =
xlu; xlv
� �

� Al

∑
w2N vð Þ

xlv; x
l
w

� �
� Al� � (5) 

2. Related works
The aim of this paper is to train a time-integrating GNN. This approach allows the GNN to 
predict the temperature field at subsequent time steps, given an initial temperature 
distribution and specific boundary conditions. By repeatedly applying this GNN, the 
temperature field can be forecasted until it reaches a hypothetical steady-state. The use of 
time-integrating GNNs is warranted in this context because once a sensor fails, it usually 
does not recover (especially if the optic fiber is damaged) and there is no possible way to 
replace this sensor in the radioactive waste storage facility.

GNNs have been used as surrogate models for thermal prediction (Boussaid et al., 
2023; Mozaffar et al., 2021; Pfaff et al., 2021; Yang et al., 2024; Jia et al., 2023; 
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Sanchis-Alepuz and Stipsitz, 2022). For instance, Boussaid et al. (2023) apply GAT to 
model district heating networks, where edges represent pipes and nodes represent 
various other components (e.g. valves, pumps and exchangers). Yang et al. (2024) use 
graphs to represent houses with rooms as nodes and walls as edges. They then 
implement a time-integrating GNN, based on GraphSAGE (Hamilton et al., 2018) or 
message-passing neural networks (Gilmer et al., 2017), which can predict the 
temperature field and heat flows given a set of initial conditions. By iteratively applying 
this GNN, a hypothetical steady state can be reached. Jia et al. (2023) use a similar 
framework to predict temperature in buildings with GNNs that combine GAT and gated 
recurrent units.

Muñoz et al. (2024) use hybrid twins that incorporate long short-term memory networks 
for temperature forecasting based on data obtained from the HLW demonstrator cell at 
Andra’s URL. We propose to achieve a similar prediction using forward-integrating GNNs. 
In particular, we suggest the following transfer problem: GNNs are trained on all time steps 
of one of the longitudinal optic fiber. Then, given only the initial temperature distribution and 
the boundary conditions of the second longitudinal optic fiber, the previously trained GNN 
predicts the temperature at all times in the second longitudinal fiber.

The novelty of this work lies in the use time-integrating GNN for temperature forecasting 
based on optic fiber data from the Andra HLW demonstrator cell. The primary objective is to 
address a transfer problem: training on one longitudinal optic fiber and predicting the 
temperature distribution in the other. This transfer problem suggests that if sensors on one 
HLW cell fail, GNNs can be trained using data from other HLW cells with functional 
sensors, allowing for temperature predictions based on the most recent available temperature 
field.

3. Materials and methods
This section presents the data available for training our machine learning algorithm. Next, 
the application of the forward integration GNN for temperature prediction is discussed. 
Finally, a method for evaluating the performance of the GNN in the context of a transfer 
problem is introduced.

3.1 The training data set
As presented in Section 1, the data originates from a HLW demonstrator cell at Andra’s 
URL. In particular, the data from the first longitudinal optic fiber is used to train our machine 
learning algorithms, as shown in Figure 5. Only the first half of the distributed sensor is used, 
as the second half is symmetrical, rendering that information redundant. In addition, the data 
is collected after 200 days to ensure that it does not include periods when the heat sources are 
not fully active. Figure 6 shows the same data represented as a time series.

Figure 6 presents the data collected from the first half of the distributed sensor at specified 
sample points. The sample point x= 0p (the optic fiber has a spatial resolution of p= 5cm) 
corresponds to the gallery, while x = 485 marks the boundary between the cell and the rock. 
The distributed sensor has 485 measurement points.

Before training, all data presented in Figure 5 is normalized using the scheme proposed in 
equation (6), with Tmax the maximum temperature and Tmin the minimum temperature. 
Predictions are then generated in the normalized space and subsequently scaled back to their 
original values. For clarity, the normalized temperature will continue to be denoted as T; 
however, it is important to note that for every training and testing task, the temperature is 
normalized using equation (6):

HFF 
36,6    

2256  

Downloaded from http://ftp.nowpublishers.com/hff/article-pdf/36/6/2251/11577263/hff-03-2025-0211en.pdf by guest on 30 June 2026



u x; tð Þ=
T x; tð Þ− Tmin

Tmax
(6) 

At any given time j (in days), the input data can be represented as a one-dimensional graph, 
while the corresponding output data is the same graph at time j + 1 as shown in Figure 7. 
Therefore, the complete training database consists of temperature graphs from day 200 to day 
1160 as inputs and temperature graphs from day 201 to day 1161 as their respective outputs.

3.2 The forward integration graph neural network model
Let us denote the GNN model as G, T χ; jð Þ as the temperature of the entire graph at time j and 
bTG χ; jð Þ as the GNN prediction for the temperature of the entire graph at time j. This GNN 
transforms the one-dimensional graph at time j into a prediction of the graph at time j + 1 as 
shown in equation (7). Thus, by applying the GNN Gn times, the predicted temperature graph 
at time j + n is obtained:

bTG χ; j + 1ð Þ=G T χ; jð Þð Þ

bTG χ; j + nð Þ= G�…�G
|fflfflffl{zfflfflffl}
Gn

T χ; jð Þð Þ
(7) 

The boundary  conditions are enforced at the nodes located at the extremities of the graph (v0 and 
v485) by taking the measured temperature at the prediction time, as established in equation (8):

Figure 5. Subset of the data used for the training 

Figure 6. Temperature evolution at set sample points of the first distributed sensor 
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bTG xv0; j + 1ð Þ=T xv0; j + 1ð Þ

bTG xv485; j + 1ð Þ=T xv485; j + 1ð Þ
(8) 

Let Tj
v denote the temperature at node v at time j. Equation (9) introduces the specific one- 

layer GCN architecture used in this paper. The activation functions σ from equation (2) are 
integrated in both MLPs W0 and W1. Additionally, MLP W0 receives as input a source 
constant sv which is dependent on the position of the node v:

8v 2 V; �bT
j+ 1
v = Tj

v; �sv
� �

�W0 + ∑
u2N vð Þ

Tj
u

cu; v

" #

�W1 (9) 

Equation (10) reveals the one-layer GraphSAGE architecture that uses an average 
aggregation function used in this study. Similar to the GCN, the activation function σ from 
equation (3) is incorporated into the MLP W and the same source constant sv is used:

8v 2 V; �bT
j+ 1
v = Tj

v; ∑
u2N vð Þ

Tj
u

jN vð Þj
; �sv

" #

�W (10) 

Equation (11) showcases the one-layer GAT architecture that generates the results presented 
in this paper. It uses both an update MLP and an attention MLP, which incorporate multiple 
activation functions σ. Additionally, the update MLP receives the source constant sv as input:

8v 2 V; �bT
j+ 1
v = Tj

v � ajv; v + ∑
u2N vð Þ

Tj
u � aju; v; �sv

� �
�W

8v 2 V; 8u 2 N vð Þ; �aju; v =
Tj
u; Tj

v
� �

� A
∑

w2N vð Þ
Tj
v; T

j
w

� �
� A

� �
(11) 

Figure 7. Training input and output graphs 
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Table 1 presents the selected hyper-parameters for each architecture (GCN, GraphSAGE and 
GAT). The sizes of the MLPs (W, A) indicate the number of neurons per layer of the MLP, 
while the activation function used for each layer is represented by MLP activations. To 
identify the best hyper-parameters, a small hyper-parametric study has been conducted. This 
study compared GNN results with varying numbers of neuron layers, numbers of neurons 
per layer and a few activation functions. Then, the architectures with the best performances 
have been identified.

Table 1. Architectures description

Architecture MLP sizes MLP activations Number of unique MLPs

GCN 8,8,1 ReLU, ReLU, linear 2! W0; W1
GraphSAGE (avg) 8,8,1 ReLU, ReLU, linear 1! W
GAT 8,8,1 ReLU, ReLU, linear 2! W; A

The loss function used to train our GNNs is the mean squared error (MSE). It is calculated 
by comparing the predicted output denoted as by and the expected output y as introduced in 
equation (12):

L y; byð Þ=
1
ny
� ∑ny

i = 1 yi −byið Þ
2

y=T χ; j + 1ð Þ�&�by = bT G χ; j + 1ð Þ=G T χ; jð Þð Þ

(12) 

The learning parameters used are:
• the optimizer is Adam stochastic gradient descent algorithm (Kingma and Ba, 2017);
• 1,000 training epochs in total;
• a learning rate of 10 − 3 for the first 500 training epochs and of 10 − 4 for the last 500;
• a batch size of 100 per iteration of the gradient descent algorithm;
• a validation split of 15%; and
• the training database is shuffled before training.

All the neural networks used in this paper were implemented using the Keras Python library 
developed by Chollet (2015).

3.3 The testing framework
The testing is conducted on half of the measurements (due to symmetry) from the second 
linear optic fiber, as illustrated in Figure 8. More precisely, the temperature graph from the 
second distributed sensor at 200 days is used as the sole input. The testing data was chosen 
different from the training data, see Figure 5, for two main reasons: to ensure that the trained 
GNN is not subject to overfitting and to show the potential for generalization for the task at 
hand (transfer learning). The boundary values for nodes v0 and v485 are also provided at all 
time steps.

The objective is to apply the GNN repeatedly to generate predictions for the entire test 
data set, as presented in Figure 9. Then, these predictions will be compared to the measured 
temperature using relative error, denoted as εr. This relative error is calculated based on the 
real temperature T and the predicted temperature bT , as defined in equation (13):
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εr =
T x; tð Þ− bT x; tð Þ

T x; tð Þ
(13) 

3.4 Alternative testing frameworks
Two alternative testing frameworks that use the same test data set are proposed. These 
frameworks reflect practical realities and incorporate additional data.

The first framework addresses a partial failure of the distributed sensor. When an optic 
fiber breaks, the sensor responses recorded before the disconnection remain consistent with 
the measurements, while all responses recorded afterward become invalid. Therefore, we 
propose simulating a break in the middle of the distributed sensor; the break happens at a set 
point in the middle of the distributed sensor. The predictions for the first half are replaced by 
the actual sensor responses, while the second half is predicted by the machine learning 
algorithm, as shown in Figure 10. The data replacement operates as follows: after a 
prediction for the temperature is performed, the data is replaced by the actual sensor 
responses before making the next prediction.

The second framework is informed by multiple point sensors located around the HLW 
demonstrator cell, as depicted in Figure 2. In this case, the sensors have, respectively, been 
placed at the quartiles of the distributed sensor. These sensors can be used to replace the 
algorithmic predictions at specific locations along the distributed sensor. In this scenario, we 
consider three-point sensors evenly distributed along the optic fiber, as illustrated in Figure 11.

Figure 8. Data used to test GNNs 

Figure 9. Testing framework 
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3.5 Comparative methods
Other machine learning algorithms are trained on the same database and tested using the 
same framework.

The first method used for comparison is kriging (Le Riche, 2014; Le Riche and Durrande, 
2019), which takes the initial temperature distribution and the boundary conditions as inputs, 
as highlighted in Figure 9. This method is implemented using the PyKrige Python library 
developed by Murphy (2014) with an exponential variogram. Since this method is not 
trained, it will serve as a baseline for performance evaluation.

The second method tested is a straightforward time-integrating artificial neural network 
(ANN) (Aggarwal, 2018; Russell et al., 2020) that is trained using the same data. However, 
instead of using a graph, it uses a vector that represents the temperature field at a specific time 
j and predicts the temperature field at time j + 1. This neural network consists of two hidden 
layers, each containing 3,880 neurons, that uses the ReLU activation function. It is trained 
with the same learning parameters as the GNNs (i.e. same loss, optimizer, epochs, learning 
rate, batch size, validation split and shuffle).

The third comparative method used is a Gaussian process (GP) (Rasmussen et al., 2005). 
It is implemented using the scikit-learn Python library developed by Pedregosa et al. (2011). 
Additionally, this method is used as a time integrator, which uses the same inputs and outputs 
as the ANN. The kernel used in this work is the sum of a Matern kernel and a white kernel. 
The alpha is set at the default value (α= 10 − 10) and the default optimizer is used.

Figure 10. Alternative testing framework: partial failure of the distributed senso 

Figure 11. Alternative testing framework: three additional point sensors 
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4. Results
This section presents the predicted temperatures and the associated errors for the various 
machine learning algorithms. The fitting curves resulting from the training of our three GNN 
models are available in Appendix.

4.1 Graph convolutional network
Figure 12 presents a side-by-side comparison of the temperature measured in the second 
longitudinal optic fiber on the left and the temperature predicted by the GCN on the right. 
Both figures exhibit similar trends; however, the GCN appears to underestimate the 
temperature in the right section of the optic fiber. Furthermore, the GCN prediction does not 
perfectly align with the observed temperature in the left portion of the graph (closer to the 
gallery).

Then, by applying the relative error εr presented in equation (13) to each data point, the 
relative error heatmap shown in Figure 13 is generated. For the majority of the points, the 
relative error ranges between 0% and 10%, except in the left portion of the graph, where it is 
higher and can locally reach up to 45%. In fact, in this area, we can notice that the real 
temperature fields shown in Figure 12 are not smooth and exhibit artifacts resulting from 
natural temperature variations and closing of the demonstrator cell. These artifacts cannot 
(and should not) be possibly predicted by a machine learning algorithm, as it lacks 
confirmation regarding this action. Nevertheless, the network is capable of accurately 
predicting both the evolution and the final state.

Figure 12. Side-by-side comparison of the real and GCN-predicted temperature 

Figure 13. Relative error between the real and the GCN-predicted temperature 

Finally, we can compute the MSE across the entire optic fiber (for every node in the 
graphs) at each time step j as shown in equation (14). This results in a time series of errors for 
a given time, as shown in Figure 14. The initial error is zero because the initial temperature is 
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provided as an input to the GCN. A spike can be observed between 250 and 450 days. 
Following this period, the error starts to stabilize around 9

�C2. The maximum MSE is of 
12
�C2 which corresponds to an average deviation of about 4�C:

MSE jð Þ=
1

485
∑
v2V

bT
j
v − Tj

v

� �2
(14) 

4.2 GraphSAGE
The same methodology can be applied to the GraphSAGE-based GNN. Figure 15 showcases 
the GraphSAGE predictions on the right, compared to the measured temperature on the 
left. The results demonstrate a trend similar to the GCN, with a slight underestimation of the 
temperature on the right and noticeable discrepancies in the predictions on the left.

Figure 16 provides the relative error for the GraphSAGE temperature prediction. Similar 
to the GCN, the error predominantly ranges between 0% and 10%, with the exception of the 
bottom left region (around 200 days), where the error is lower than that of the GCN, peaking 
at only 35%. The same observations apply here as well, where the errors are amplified due to 
experimental artifacts in the real temperature.

Figure 17 illustrates the MSE for the GraphSAGE temperature predictions across all time 
steps. Like for the GCN, the GraphSAGE exhibits an increase in error until 400 days, after which 
the error stabilizes. The maximum MSE is around 9

�C2 indicating an average error of 3
�C.

Figure 14. Mean squared error between the real and the GCN-predicted temperature for every time step 

Figure 15. Side-by-side comparison of the real and GraphSAGE predicted temperature 
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4.3 Graph attention network
The same process is then applied to the GAT. Figure 18 presents a side-by-side comparison 
between the GAT predictions on the right and the actual temperature measured by the 
distributed sensor. The results are comparable to those obtained by the GCN and 
GraphSAGE.

Figure 16. Relative error between the real and the GraphSAGE predicted temperature 

Figure 17. Mean squared error between the real and the GraphSAGE predicted temperature for every 
time step 

Figure 18. Side-by-side comparison of the real and GAT predicted temperature 
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The GAT generally outperforms the GCN and GraphSAGE in predicting temperature, as 
highlighted in Figure 19, where the error on the right-side peaks at approximately 6%. 
Moreover, the errors on the left side around the 200-day mark are comparable to those of 
GraphSAGE, with a local peak error of 30%. We also request that the reader take note of the 
experimental artifacts present in the measurements.

Figure 19. Relative error between the real and the GAT predicted temperature 

The maximum MSE is approximately 5�C2 between 200 and 400 days, after which it 
stabilizes at around 3

�C2, indicating an error of less than 2
�C. Figure 20 presents the 

evolution of MSE for the GAT.

Figure 20. Mean squared error between the real and the GAT predicted temperature for every time step 

4.4 Comparison between the various algorithms
Finally, Figure 21 compares the MSE of predictions from three GNN architectures as well as 
from ANN, GP and kriging. It is evident that GAT outperforms the other two GNN 
architectures. Kriging exhibits the lowest precision, with errors around 10

�C. While ANN 
and GP outperform GNNs between 200 and 500 days, GAT yields similar or better results at 
other time steps. Table 2 presents the average of the time series of the MSE.

As far as training time is concerned, the machine learning algorithms can be categorized 
into three groups: GP, kriging, GCN and GraphSAGE, which train within 5–20 min, GAT, 
which can be trained under an hour and ANN, which require more than an hour. 
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Additionally, observe the significantly smaller dimensions of the GNN presented in Table 1, 
in contrast to the much larger size of the selected ANN, which consists of two dense layers, 
each containing 3,880 neurons.

The results for the alternative testing case are presented in Figures 22 and 23. GCN and 
GraphSAGE were excluded from the analysis because their performance was far inferior to 
that of GAT. Table 3 and Figure 22 indicate that, in the event of a partial failure of the 
distributed sensor, both GAT and ANN outperform the other options. The ANN has a slight 
advantage over the GAT, although it requires a significantly larger number of trainable 
parameters and longer training time. In addition, the precision of the prediction in the event 

Figure 21. Comparison of the mean squared errors of the various machine learning algorithms 

Table 2. Average mean squared error

Kriging GCN GraphSAGE ANN GAT GP

55:08
�C2 7:87

�C2 6:39
�C2 2:87

�C2 2:75
�C2 2:64

�C2

Figure 22. Comparison of the mean squared errors for the partial failure of the distributed sensor 
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of a partial failure is three times more accurate than in the case of a complete failure (see 
Table 2 and Figure 21).

Table 4 and Figure 23 indicate that using more control points results in a slight increase in 
precision, except for kriging, which improves tenfold and that all algorithms perform 
similarly.

5. Discussion
The goal of this section is to analyze the results presented in Section 4, discuss the 
generalizability of the proposed model and highlight the limitations of GNNs in the context 
of temperature forecasting.

5.1 Appeal of graph neural networks for temperature forecasting
GNNs have proven to be a reliable tool for predicting temperature changes in distributed 
sensors. They can forecast temperatures up to 1,000 days in advance with an accuracy of a 
couple of degrees Celsius (�C). GNNs significantly outperform kriging methods and yield 
results comparable to those of ANN and GP, which require a much larger number of training 
parameters. Although the GNNs performance is slightly inferior for intermediate time steps 
(between 200 and 500 days), they perform similarly or better for other time steps, as 
illustrated by Figure 21. This may raise questions about the utility of GNNs for temperature 

Figure 23. Comparison of the mean squared errors using three additional point sensors 

Table 3. Average mean squared error for the partial failure of the distributed sensor

Kriging GP GAT ANN

23:46
�C2 2:59

�C2 1:06
�C2 0:70

�C2

Table 4. Average mean squared error using 3 additional point sensors

GAT Kriging GP ANN

2:55
�C2 2:54

�C2 1:96
�C2 1:74

�C2
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forecasting; however, it is important to note that our analysis was conducted using one- 
dimensional data. With more complex topological data, GNNs are expected to surpass the 
performance of ANN and GP due to their ability to leverage local relationships. Furthermore, 
GNNs can generalize to entirely different graphs (in terms of structure and size) by 
leveraging the individual MLPs used in the message-passing process. In contrast, ANN and 
GP would require retraining if any structural changes were to occur. In addition, GNNs 
demonstrate strong performances even with small message-passing MLPs (comprising only 
tens of neurons), highlighting their capacity to generalize and incorporate physical elements 
effectively.

In addition, the time-integrating scheme is relevant for predicting temperature in 
distributed sensors for two main reasons. First, when an optic fiber snaps, all values recorded 
after the fracture become unusable, necessitating a prediction for a continuous field. Second, 
the fracture is irreversible, indicating that future predictions cannot be made from the 
damaged section. Therefore, it is logical to use only the last accurate temperature 
measurement to inform future predictions, with boundary conditions provided by point 
sensors. Moreover, the monitoring of Andra’s Cigeo project will result in a substantial 
amount of data available for training our machine learning algorithm.

Eventually, in the event of a partial failure of the distributed sensor (see Figure 22 and 
Table 3), the GAT outperforms the GP and performs slightly worse than the ANN. This is 
noteworthy considering that both the GP and ANN use the complete temperature field, which 
includes the segment composed of actual sensor responses for making predictions, while the 
GNN can only leverage information from neighboring nodes. Furthermore, when monitoring 
radioactive waste disposal facilities, a monitoring tool that can be transferred to various 
geometries without requiring new training is preferred. For all these reasons, temperature 
forecasting GNNs are prime candidates for data completion in this particular case.

5.2 Inconsistencies near the gallery
GNNs exhibit relatively poor predictive performance near the gallery (on the left). This is 
evident by the spike in relative error on the left side of Figures 13, 16 and 19. This 
phenomenon can be attributed to two factors. First, the temperature on the left side is 
significantly lower (approximately 15

�C) than that of the rest of the field, resulting in similar 
absolute errors that lead to larger relative errors. Second, the boundary conditions near the 
gallery (on the left) are inconsistent due to natural temperature variations. This can be 
observed on the dark blue curve (x= 0p) in Figure 6.

This is further demonstrated by comparing the predictions in the event of a complete 
failure (see Table 2 and Figure 21) to those in the event of a partial failure (see Table 3 and 
Figure 22). Indeed, if the behavior near the gallery is understood (i.e. when the failure is 
partial as described in Figure 10), the GAT error is reduced by a factor of three. This indicates 
that the majority of the errors can be attributed to the inconsistencies near the gallery.

5.3 Inconsistencies caused by closing the gallery
At the 200-day mark in the training and testing data, the HLW cell was sealed. This is evident 
and can be observed around the 400-day mark in Figure 6 (because the data used in the model 
starts at 200 days), where the temperature rises slightly more rapidly due to the insulation 
provided by the sealing element. This alteration in the model’s physics results in an increase 
in the GNN prediction error between 200 and 400 days, as illustrated in Figures 14, 17, 19
and 21. The error is lower for ANN and GP because they can leverage the entire temperature 
field, whereas GNNs can only leverage information from neighboring nodes.
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Excluding the region most affected by the sealing of the HLW cell (i.e. the area closest to 
the gallery), as seen in the case of a partial failure presented in Figure 10, leads to a reduction 
in the GAT error. This is illustrated in Figure 22, where the GAT error is comparable to the 
errors of the ANN and GP between 200 and 400 days. This explains the gap in errors between 
ANN, GP and GNNs from the 200-day mark and the 400-day mark in Figure 21.

5.4 Architecture advantages and drawbacks
Figure 21 shows that three GNN architectures were tested. Among them, the GAT produced 
the best results, but at a significant computational cost for both training and prediction. 
GraphSAGE demonstrated the second-best performance while being the least 
computationally intensive of the three architectures. For reference, the training time of the 
GAT is 5–10 times longer than that of GraphSAGE.

In the context of monitoring the HLW cell, the sensors have a sampling rate of one day. 
This indicates that the computational cost of the GAT does not hinder its ability to be trained 
and used for online temperature forecasting.

5.5 Scaling the model to more complex graphs
A logical next step is to extend the graph to include circular optical fibers and subsequently to 
encompass the entire sensor network used in the HLW demonstrator cell’s thermal loading, 
as illustrated in Figure 2. In the future, this will enable the transfer of GNNs from a HLW cell 
equipped with functional sensors to another cell that contains defective sensors. The two 
primary challenges are the creation of the sensor graph and the adaptation of the GNN 
models to these more complex graphs.

The primary hurdle lies in constructing the graph of sensors based on their locations and 
the elements they are mounted on (i.e. the rock and the sleeves). This task is particularly 
complex because it necessitates a standardized process for connecting the various nodes 
according to their positions, while ensuring that the resulting graph is neither too dense nor 
too sparse. Indeed, a graph that is overly dense restricts the topological information and 
increases the computational cost of training and applying GNNs. Conversely, a graph that is 
too sparse results in inefficient message passing. Furthermore, considering the elements on 
which the sensors are mounted adds another layer of complexity. One potential solution is to 
create relational graphs (Schlichtkrull et al., 2017), incorporating edge embeddings that 
depend on the elements to which both sensors are mounted.

Once the complete graph is created, minimal adjustments are necessary for the existing GNN 
model to operate effectively on the more complex graph. In fact, the MLPs used for message 
passing can be used to construct the new GNNs. Additional training is required to adapt to the new 
topological constraints; however, aside from that, the transition is relatively straightforward. 
Among all architectures, GraphSAGE and the graph isomorphism network (Xu et al., 2019) are 
the most suitable for the complete graph, as they are the least computationally intensive.

5.6 Limitations of graph neural networks for the considered problem
The primary limitations of GNNs for temperature forecasting are the computational cost and 
the time required to develop optimal architectures. While training a single GNN may be 
relatively inexpensive, achieving the best results necessitates training multiple GNNs for 
each set of hyper-parameters and selecting the best performer. For more complex GNNs with 
multiple layers of message passing, this hyper-parameter optimization demands costly 
benchmarks. Furthermore, even after selecting the ideal hyper-parameters, it remains 
necessary to train multiple GNNs due to the randomness associated with the initial weights 
and the back-propagation algorithm. The process of choosing an optimal GNN architecture 
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could be streamlined by using optimization algorithms such as particle swarm optimization 
(PSO) (Carvalho and Ludermir, 2007; Fernandes et al., 2019), genetic algorithms (Kapanova 
et al., 2018; Idrissi et al., 2016) or other optimization techniques (Strumberger et al., 2019; 
Ezzat et al., 2021; Lankford and Grimes, 2024).

The second limitation is the amount of random access memory (RAM) and processing 
power required when working with large graphs. This issue can be mitigated by using 
subgraph learning (Zha and Yilmaz, 2023) combined with multi-threading. in conjunction 
with multi-threading. Subgraph learning involves creating a set of subgraphs from the entire 
graph and training the GNN on these subgraphs prior to reconstruction for making 
predictions. This approach significantly reduces the amount of RAM needed and is 
particularly well-suited for multi-threading applications. Moreover, when handling larger 
graphs, GAT models become highly computationally intensive, despite yielding the best 
results, which creates a dilemma between computational power and precision.

Another limitation of GNNs is the complexity of their implementation. As explained in 
subsection 5.5, GNNs require the construction of a graph, which can be a complex and 
tedious process. Additionally, selecting the most efficient message-passing mechanism is 
crucial. In contrast, approaches such as GP, ANN or convolutional neural networks typically 
require significantly less data curation and are generally simpler to implement.

6. Conclusions
In this study, we propose a process for creating temperature forecasting GNNs that ensure 
continuous monitoring of radioactive waste disposal facilities, particularly when distributed 
sensors are compromised. These GNNs yield results comparable to established models such 
as Kriging, ANN and GP, demonstrating their effectiveness in temperature forecasting. 
While the GAT architecture produces the best results, it is also more computationally 
intensive. Despite certain limitations, including implementation complexity and high 
computational costs, GNNs leverage topological and physical information, enabling them to 
be easily transferred to significantly different graphs. This adaptability makes them an 
excellent choice for monitoring multiple similar HLW cells with minor variations.

Further improvements can be made to refine our models. First, an algorithm to mitigate 
errors caused by evolving boundary conditions can be developed. Next, more sophisticated 
GNN models that use multiple layers of message-passing can be explored to enhance the 
accuracy of the results. The intricate architecture can then be optimized using traditional 
optimization techniques such as PSO, and the training parameters (e.g. optimizer and 
learning rate) can be fine-tuned to ensure optimal performance. Ultimately, these advanced 
models could be applied to the entire network of sensors monitoring the HLW cell, and a 
strategy for transferring GNN capabilities from one cell to another could be investigated.
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Appendix. Training history and fitting curves
In this section, we present the fitting curves for the GCN, GraphSAGE and GAT.

Figure A1 presents the evolution of the loss, the loss on the validation data and the learning rate 
for the GCN. Given that the loss is higher than the validation loss, there is most likely no overfitting. 
Moreover, the loss seems to have converged at 800 epochs.

Figure A2 presents the evolution of the loss, the loss on the validation data and the learning rate 
for the GraphSAGE. Given that the loss is higher than the validation loss, there is most likely no 
overfitting. Moreover, the loss seems to have converged at 100 epochs.

Figure A3 presents the evolution of the loss, the loss on the validation data and the learning rate 
for the GAT. Given that the loss is higher than the validation loss, there is most likely no overfitting. 
Moreover, the loss seems to have converged at 200 epochs.

Figure A1. Fitting curves of the GCN 

Figure A2. Fitting curves of the GraphSAGE 

Figure A3. Fitting curves of the GAT 
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