
Annals of Nuclear Energy 211 (2025) 110893 

A
0

Contents lists available at ScienceDirect

Annals of Nuclear Energy

journal homepage: www.elsevier.com/locate/anucene

Deep heterogeneous joint architecture: A temporal frequency surrogate
model for fuel performance codes
Wenhan Zhou, Gustav Robertson ∗, Henrik Sjöstrand
Institution for Physics and Astronomy, Uppsala University, Uppsala, Sweden

A R T I C L E I N F O

Keywords:
Deep learning
Fuel performance modeling
Transuranus Code
TCN
FNO

A B S T R A C T

Fuel performance codes, such as Transuranus, predict fuel behavior and are used to ensure the safe operation
of nuclear reactors. These codes are moderately time-consuming and affordable in many applications but may
be limited in others, primarily when many fuel rods must be evaluated simultaneously. This work presents how
the temporal neural network techniques, Temporal Convolutional Networks, and a Fourier Neural Operator
can be combined to form a deep heterogeneous joint architecture as a surrogate model for fuel performance
modeling in time-critical situations. We train the model using realistic power histories and corresponding
outputs generated using the fuel performance code Transuranus. The ultimate result is a surrogate model for
use in time-critical situations that take milliseconds to evaluate for thousands of fuel rods and have a mean
test error of unseen data around a few percent.
1. Introduction

Fuel performance codes (Van Uffelen et al., 2019) play a cru-
cial role in forecasting fuel behavior to demonstrate safe operation.
These codes consume a moderate amount of time, typically between
seconds and a minute, depending on the complexity of the inputs.
Such computational cost is adequate for most applications but can
be limiting in applications that require rapid analysis of many fuel
rods simultaneously. Examples of such applications include when fuel
performance parameters are included in core optimization, and the
algorithm must evaluate an entire fuel rod population in each iteration.
Another example arises when predictions for a core of fuel rods are
needed for online core monitoring. Similarly, there may be instances
where a quick assessment of safety criteria fulfillment is necessary for
an upcoming fuel cycle to prevent re-iteration of the core design. In
addition to the time aspect, a simultaneous evaluation of many fuel
rods usually requires an additional framework that prepares input files
and processes output, which involves unnecessary overhead and may
be impractical in certain implementations.

This paper addresses those limitations by proposing a neural net-
work as a surrogate model trained on simulated data from the fuel
performance code Transuranus. As fuel performance codes, such as
Transuranus receive inputs regarding the fuel rod’s initial geometrical
design, material composition, and time-dependent irradiation condi-
tions, the only difference in input between two rods of the same
design is the irradiation conditions. Of those time-dependent param-
eters, the most important input is the Linear Heat Generation Rate
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(LHGR) (as negligible variations are expected in other parameters)
for which the code calculates corresponding time-dependent output,
including rod internal pressure, fuel centerline temperature, fission gas
release, cladding oxidation, pellet-to-clad gap, and hydrogen pick-up.
Therefore, one can generate training and validation data for developing
a surrogate model for a given design by simulating many input power
histories to obtain corresponding output predictions by keeping all
other inputs fixed.

Developing a surrogate on such sequential data can be difficult. In
the present work, we suggest a surrogate model that models power
histories for a given rod design and provides corresponding time-
dependent outputs. The proposed architecture combines a Temporal
Convolutional Network (TCN) (Oord et al., 2016; Bai et al., 2018)
and a Fourier Neural Operator (FNO) (Chi et al., 2020; Li et al.,
2021). I.e., it uses a combination of causal and spectral convolu-
tion to form a joint model that effectively captures the input and
output data’s sequential features and frequency characteristics. The
model is trained and validated using realistic power histories and
corresponding output predictions generated using the fuel performance
code Transuranus (Lassmann and Blank, 1988; Lassmann, 1992; Magni
et al., 2021). Of particular interest is investigating whether we can
develop a faster alternative to traditional fuel performance codes to
facilitate the quick analysis of many fuel rods without preparing input
files or processing outputs, as such computational efficiency is espe-
cially beneficial in situations demanding rapid decision-making, like
the abovementioned applications.
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2. Multivariate sequence-to-sequence modeling

Multivariate sequence data are observations where multiple vari-
ables are recorded at consistent sequence lengths. In the setting of mul-
tivariate sequence-to-sequence (seq2seq) modeling, the time-dependent
input 𝐗 ∈ R𝑁×𝜏×𝑣in

+ is a tensor, where 1 ≤ 𝑠 ≤ 𝑁 is the number of data
samples, 1 ≤ 𝑡 ≤ 𝜏 is the sequence time steps with maximal sequence
length 𝜏, and 𝑣in is the number of input features. 𝐘,𝐘′ ∈ R𝑁×𝜏×𝑣out

+ rep-
resents the simulated outcomes of Transuranus and estimated outcomes
respectively, with 𝑣out being the number of output features. The task of
a seq2seq neural network model:

𝐘′ = 𝑓 (𝐗;𝜣), (1)

is to learn a mapping from 𝐗 to 𝐘′ by finding the parameters 𝜣 from
data such that an objective is minimized between 𝐘′ and 𝐘, see Fig. 4.
The trained model with the optimal parameters can then infer unseen
inputs.

A distinctive feature of seq2seq models is their ability to estimate
multivariate time-dependent outcomes. Unlike Transuranus, which pro-
duces a single future output based on the current state, seq2seq models
can create a parallel array of future values for each variable. This type
of architecture can be executed very efficiently on accelerators such as
GPUs.

Several deep neural network architectures model time-dependent
data well (Vaswani et al., 2023; Yi et al., 2023). These models may
be adapted to a seq2seq framework to suit our application. One well-
established option is the WaveNet (Oord et al., 2016), also known
as the TCN (Bai et al., 2018). This type of architecture is known for
handling time-dependent data well due to the causal dilated convo-
lution mechanism, see Section 2.1. Another approach is to model the
temporal features of the data as frequency components by transforming
the sequence to the frequency domain using the Fourier transform (Chi
et al., 2020; Li et al., 2021), see Section 2.2. We use both approaches as
baselines and build components for a more powerful co-trained model;
see Section 3.2.

2.1. Temporal convolutional network

An important aspect we want to model in seq2seq tasks is the causal
relationships within the sequential data. This causal relationship is
primarily modeled through convolution operations. However, standard
convolutional approaches face limitations when dealing with long se-
quences where boundary condition changes may significantly influence
future predictions. The TCN addresses this challenge with dilated con-
volutions. This mechanism substantially expands the receptive field,
enabling the model to incorporate a broad range of past information.
We provide a minimal mathematical description of the TCN in the
following section. Interested readers may find (Oord et al., 2016; Bai
et al., 2018) useful for a more comprehensive understanding.

Let 1 ≤ 𝑙 ≤ 𝐿 be the number of layers of the model, 𝑏 ∈ Z+, set to
2, be the dilation base and:

𝑑(𝑙) = 𝑏𝑙 , (2)

be the dilation rate at the 𝑙:th layer. We denote the dilated convolution
operation (Paszke et al., 2023) at the 𝑙:th layer as:

𝐗(𝑙+1) = 𝜣(𝑙)
𝑘,𝑑(𝑙)

∗ 𝐗(𝑙) + 𝐛(𝑙), (3)

where 𝜣(𝑙)
𝑘,𝑑(𝑙)

∈ R𝑂×𝐼×𝑘 is the weight kernel with 𝑂 and 𝐼 denoting
the number of output and input channels of the operation respectively.
Furthermore, 1 ≤ 𝑘 ≤ 𝜏 is the kernel size, and 𝐛(𝑙) ∈ R𝑂 is the offset.
The convolution operation can be intuitively understood with Fig. 1,
and the dilation mechanism can be understood with Fig. 2, without the
offset. We use ℎmodel = 𝑂 = 𝐼 as a hyperparameter representing the
model’s latent dimension from the next section.
2 
Fig. 1. Convolution with a kernel of dilation rate 𝑑(𝑙) = 1 and kernel size 𝑘 = 2
performed on a input sequence with input channels 𝐼 = 2. The input dimension of
the kernel is also 𝐼 = 2, in agreement with the input channels of the input sequence.
There are 𝑂 = 3 distinct convolution filters of the kernel. The operation is performed
in parallel for each one of the channels, resulting in an output sequence with 𝑂 = 3
output channels. Zero padding is used at the start of the input sequence to ensure that
the sequence length is preserved.

Fig. 2. Convolution with a kernel of dilation rate 𝑑(𝑙) = 2 and kernel size 𝑘 = 2. This
corresponds to the kernel being separated by one space. The padding is increased to
compensate for the increased dilation rate.

Due to the exponentially increasing dilation rate as suggested
by Eq. (2), the perceptive field of the dilated convolution will increase
exponentially concerning the number of dilated convolutional layers
stacked sequentially. We incorporate a sufficient number of layers so
that the perceptive field covers the whole sequence. The relationship
between the number of layers for full history coverage depends on the
kernel size, sequence length, and dilation base (Bai et al., 2018):

𝐿 =
⌈

log𝑏

(

1 +
(𝜏 − 1)(𝑏 − 1)

2(𝑘 − 1)

)⌉

. (4)

Another factor to consider is adjusting the size of the padding 𝑝(𝑙) to
ensure that the sequence length of the transformed input is maintained
consistently throughout the layers (Bai et al., 2018):

𝑝(𝑙) = 𝑑(𝑙) ⋅ (𝑘 − 1). (5)

To efficiently describe the workings of a TCN, we first consider the
transformation of the initial input into a latent variable. This is achieved
by:

𝐗(1) =
(

𝐗𝐖in + 𝐛in
)⊤ , (6)

where the input 𝐗 is multiplied by a weight matrix 𝐖in ∈ R𝑣in×ℎmodel ,
and 𝐛in ∈ Rℎmodel is summed. The weight matrix mixes the time variables
with the LHGRs into the latent variable. The TCN then performs a series
of non-linear transformations through its layers. Each layer 𝑙, executes
the following operation:

𝐗(𝑙+1) = 𝜎(𝑙)
(

𝜣(𝑙)
𝑘,𝑑(𝑙)

∗ 𝐗(𝑙) + 𝐛(𝑙)
)

, (7)

where 𝜎(𝑙) denotes a non-linear activation function applied element-
wise. These operations progressively transform the data, integrating
non-linear temporal features at each layer. Finally, the output of the
TCN is obtained by projecting the transformed data from the last layer
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to match the desired output dimensions and applying a Rectified Linear
Unit (ReLU) function to ensure that the outputs are positive:

TCN(𝐗;ℎmodel) = ReLU
(

𝐗(𝐿)⊤𝐖out + 𝐛out
)

, (8)

where 𝐖out ∈ Rℎmodel×𝑣out and 𝐛out ∈ R𝑣out . This final step ensures that
he TCN’s output aligns with the dimensionality of the target 𝐘.

.2. Fourier neural operator

A different method for seq2seq modeling is to train a model using
he frequency domain representations of the data, which differs from
he causal time-domain training achieved with convolution. Training
n the frequency domain allows for a model capable of capturing the
lobal characteristics of the sequences. In the following section, we
escribe the core mechanism of FNO. Interested readers can find more
etails in Li et al. (2021).

The core component of the FNO architecture is the spectral convo-
ution (Rippel et al., 2015), also known as the Fast Fourier Convolution
FFC) (Chi et al., 2020). This is an alternative way of performing the
emporal (or spatial) convolution, but in the frequency domain granted
y the convolution theorem:

(𝑙)
1,1 ∗ 𝐗(𝑙) = −1

[

 [𝜣(𝑙)
1,1]⊙  [𝐗(𝑙)]

]

, (9)

here  denotes the real fast Fourier transform, and ⊙ denotes the
lement-wise multiplication with respect to the frequency components.
uilding on the foundational concept of the convolution theorem, the
arameters 𝜣(𝑙)

𝜉 ∈ C𝑂×𝐼×𝑀 , can be represented in the frequency domain
ithout explicitly performing the Fourier transform. Note that we only
eep the first 𝑀 non-zero frequency components, sorted from low
o high, of the frequency kernel and the Fourier-transformed latent
ariable  [𝐗(𝑙)]. The motivation is to eliminate some less important
omputations and to prevent overfitting (Li et al., 2021). The FFC
peration is thus given by:

FC(𝑙)(𝐗(𝑙)) = −1
[

𝜣(𝑙)
𝜉 ⊙  [𝐗(𝑙)]

]

. (10)

In practice, we generalize the convolution theorem such that the
nput channels are mapped to the output channels in parallel, shown
s follows:

(𝑙)
𝜉 ⊙  [𝐗(𝑙)] =

𝐼
∑

𝑖=1
𝜃̂(𝑙)𝑂𝑖𝑀 ⋅ 𝑥̂(𝑙)𝑁𝑖𝑀 , (11)

here the lower-case letters denote the elements of their respective ten-
ors. The operation in Eq. (11) intuitively represents a 1D convolution
ith 𝑘 = 1, weighted for each frequency component. This mechanism
llows the model to learn the importance of each frequency component
hile keeping the property of performing a convolution operation.

After performing the FFC operation, an affine transformation is
pplied in the temporal domain, followed by a non-linear activation
unction, expressed as:

(𝑙+1) = 𝜎(𝑙)
(

𝜣(𝑙)
1,1 ∗ FFC(𝑙)(𝐗(𝑙)) + 𝐛(𝑙)

)

. (12)

In essence, the FNO architecture consists of solving Eq. (12) fol-
owed by a feed-forward layer and applying ReLU:

NO(𝐗;ℎmodel) = ReLU
(

𝐗(𝐿)⊤𝐖out + 𝐛out
)

. (13)

part from the dilated convolution mechanism, the FNO may be inter-
reted as an alternative formulation of a convolutional neural network
here the training occurs in the frequency domain. Once again, we

mitted some technical details in the architectural description. a

3 
. Dual domain modeling

LHGRs that show rapid changes are more informative than smoother
nes because they provide localized information about how the fuel
od system reacts to critical events. This sharpness in the signal allows
or pinpointing specific moments when the physical behavior changes
bruptly. In contrast, smooth LHGRs distribute information over a
roader time scale. While this provides a general understanding of
rends, it increases the uncertainty about the exact timing and magni-
ude of changes in the output features. Generally, smoother signals in
he time domain are more concentrated in the frequency domain, and
ice versa (William Beckner, 1975). Therefore, smooth LHGRs possess
ewer dominant frequency components, making them more distinct and
asier to analyze in the frequency domain. This scenario would benefit
NO, which has most parameters embedded in the frequency domain.
owever, it is difficult to determine in advance whether the time or

requency is the advantageous domain for a general dataset. Choosing
n architecture based on the characteristics of LHGRs is, therefore,
mpractical.

.1. Deep ensembles and joint architectural models

Using an ensemble in machine learning has been widely adopted to
ncrease the generability of the models. Similar work has been done in
eep learning where the ensemble members are deep neural networks
f the same architecture with different weight initialization trained on
he same dataset. The combined results of the various trained ensemble
embers showed significantly better performance than the individual

nsemble members (Fort et al., 2020).
An ensemble consisting of the same architectures is known to be

omogeneous, and an ensemble with mixed architectures is known to be
eterogeneous. The main advantage of the latter is that different archi-
ectures may learn different features from the dataset, thus being able
o represent more complex relationships once combined. This motivates
joint architecture comprising TCN and FNO due to their complemen-

ary nature. However, not every combination of base models will result
n improved performance (Wang et al., 2023). We have employed a
olution to eliminate the possibility of performance degradation due to
oor choice of model combination by co-training the joint architecture.
his motivates a blending mechanism that combines the models such
hat the training process can automatically decide the importance of
ach candidate.

.2. Temporal frequency network

The resulting joint architecture we propose consists of two comple-
entary architectures, TCN and FNO,1 with the shared similarity of

he convolution operation, but where the parameters are represented
n different domains. These two models are combined through a feed-
orward layer to achieve a data-driven architectural combination. We
efer to this model as the Temporal Frequency Network (TFN), schemat-
cally depicted in Fig. 3. To construct the TFN, the TCN and FNO are
irst concatenated in the channel dimension:

= Concat
(

TCN(𝐗;ℎ𝑡)
FNO(𝐗;ℎ𝜉 )

)

, (14)

here ℎ𝑡 and ℎ𝜉 denote the latent dimension of the temporal and
requency model respectively, and 𝐙 ∈ R𝑁×𝜏×(ℎ𝑡+ℎ𝜉 ). This tensor is then
rojected to the desired output dimension using a feed-forward layer
ithout bias:

FN(𝐗;ℎ𝜉 , ℎ𝑡) = 𝐙𝐖combine, (15)

here 𝐖combine ∈ R(ℎ𝜉+ℎ𝑡)×𝑣out .

1 Although arbitrary causal seq2seq model can be used as a drop-in re-
lacement for the TCN. Similarly, variants of FNO are, in principle, also
llowed.
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Fig. 3. Architectural design of TFN. The temporal model and frequency model are co-
trained end-to-end in a joint fashion. Their outputs are weighted through a feed-forward
layer to produce the final outputs.

4. Methodology

This section outlines the methodology for deriving a surrogate
model of Transuranus. The main idea is to train several variants of TCNs
and FNOs and compare them against TFNs in a similar computational
class. Then, performing an extended training on the most promising
architecture and hyperparameters. To perform such training and vali-
dation, the methodology must also include steps for data generation,
pre-processing, splitting, and selecting appropriate loss metrics. These
steps, as well as how we set up the candidate architectures and select
the final model, are described in the following sections. Moreover,
Fig. 4 depicts how the training process components connect.

4.1. Data generation

First, we generate the dataset by inputting a set of 12941 realistic
power histories corresponding to those from typical pressurized wa-
ter reactors (PWRs). The data is provided by Westinghouse Electric
Sweden AB and given as the LHGR offered for ten axial nodes and
expressed in kWm−1. The received power histories are used with a
typical Transuranus PWR input file to generate corresponding time-
dependent output data. The outputs are selected to represent key safety
output parameters normally estimated in fuel performance analyses and
are listed below. We selected these quantities because they are typically
critical in fuel licensing evaluations, allowing us to demonstrate the
methodology in a realistic context. However, this study serves as a
proof of concept, and the variables can be adjusted based on future
needs. These variables consist of 𝑐𝑣 features, which could be one or
ten. In the former case, 𝑐𝑣 = 1 resembles a global measure of the whole
rod, while 𝑐𝑣 = 10 resembles the ten nodal axial positions of the rod.

1. Fuel centerline temperature (𝑐1 = 10): This is the temperature at
the centerline of the pellet stack. This varies axially and is highly
correlated with the LHGRs.

2. Central void pressure (𝑐2 = 1): This is the rod’s internal pressure,
which is constituted by the fill gas pressure and is exerted by
fission gas released during operation.

3. Oxidation thickness (𝑐3 = 10): The thickness of oxidation that
grows on the fuel cladding.

4. Gap width (𝑐4 = 10): Describes the space width between the fuel
and cladding.
4 
5. Hydrogen absorption (𝑐5 = 10): A common coolant is water
molecules H2O. When oxidation occurs, the cladding picks up
the Oxygen, leaving Hydrogen radicals that the cladding may
absorb. This variable is, therefore, highly correlated with the
oxidation thickness.

6. Integral fission gas release (𝑐6 = 1): The total amount of fission
gas released during an operation.

7. Integral fractional gas release (𝑐7 = 1): The total amount of
fission gas released compared to the amount created.

Given that we have four nodal outputs, each with ten axial nodes,
and three global variables describing the whole rod, we have in total
𝑣out = 4 ⋅10+3 ⋅1 = 43 output features. The entire data set, including the
input power histories and the output variables, are depicted for each
channel in Fig. 5. The data is plotted against time, which is an input
variable in the data set.

4.2. Data pre-processing

The resulting samples in the generated dataset from Transuranus
have varying sequence lengths. Therefore, linear interpolation using
F.interpolate is employed (Paszke et al., 2024), with keyword
argument align_corners=True to interpolate the data to have
consistent sequence lengths. Here, we use the sequence length 80. In
addition to the interpolation, each variable is scaled by dividing by its
global maximum value. For quantities provided for in several nodes,
each node is normalized individually. Using normalization guarantees
that the dataset is unitless. We use global normalization to retain the
relative difference between rods and features.

4.3. Data shuffling and splitting

After the data pre-processing, the dataset is shuffled and divided
into a training set with 𝑁train = 9992 samples and a test set of
𝑁test = 2499 samples (one sample here is one set of power histories and
corresponding output curves for one fuel rod). This step ensures that
the test data remains independently and identically distributed (IID)
with the training set, which is necessary for the model to generalize
beyond the training data. The train-test-split is repeated five times so
that different parts of the dataset become the test set once (5-fold cross-
validation), see Fig. 6. This allows for performing five independent
training runs with the same model architecture on different validation
folds, thus allowing us to measure the variation in the error caused by
splitting the dataset differently.

4.4. Evaluation loss

In this work, the nature of the training and test data requires
carefully selecting loss metrics. This is partly because the scaling results
show that some samples are close to zero for variables that span several
orders of magnitude. It is also because the number of axial nodes
inherently weighs some output features. For example, variables such
as central void pressure and integral fission gas release are underrepre-
sented compared to other variables, as there is only one output channel
per variable, as opposed to variables such as temperature that are given
for several axial nodes. This results in, for example, a standard mean
square error loss that prioritizes minimizing the whole-rod quantities in
favor of nodal ones. To alleviate those issues, we, therefore, consider
a metric that both scales according to the variables’ magnitudes and
balances importance between the output features. We do this in a two-
stage process where we first choose a variant of the Normalized Root
Mean Squared Error (NRMSE) to calculate a feature-specific loss for
each fuel rod according to:

𝑠,𝑣,𝑐 (𝐘,𝐘′) =
100

√

1
𝜏
∑𝜏

𝑡=1(𝑦𝑠,𝑡,𝑣,𝑐 − 𝑦′𝑠,𝑡,𝑣,𝑐 )2

1 ∑𝜏
, (16)
𝜏 𝑡=1 𝑦𝑠,𝑡,𝑣,𝑐
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Fig. 4. Simplified diagram of how training a neural network. We begin by passing the inputs, e.g., a batch of LHGRs with corresponding time steps, into the data generator
Transuranus (1) from which a target dataset is obtained (2). The inputs are then passed into the model (3), and produce a set of estimations (4). The outcomes are then compared
to the targets, and an objective function is used to evaluate the quality of the estimations (5). Finally, the parameters of the model are updated to optimize the given objective
(6). This procedure is iterated until the convergence of the objective function.
where 𝑠, 𝑣, and 1 ≤ 𝑐 ≤ 10 denote the sample (one fuel rod case), the
variable, and the channels, respectively, and 𝐘′ is the output tensor
with the model estimations. I.e., Eq. (16) reduces the time dimension
for each rod and output feature and makes a rod-wise normalization
to the average magnitude of each feature. To compute a variable-
specific loss, we further rebalance each variable’s loss contribution by
normalizing it to that variable’s number of channels (either ten or one),
which results in one loss per variable and sample (fuel rod):

𝑠,𝑣(𝐘,𝐘′) = 1
𝑐𝑣

𝑐𝑣
∑

𝑐=1
𝑠,𝑣,𝑐 (𝐘,𝐘′). (17)

We obtain the sample-wise loss by computing the average over the
variables:

𝑠(𝐘,𝐘′) = 1
𝑉

𝑉
∑

𝑣=1
𝑠,𝑣(𝐘,𝐘′), (18)

for 𝑉 = 7 variables. Training typically requires dividing the data into
several subsets, commonly known as mini-batches 𝐵𝑖 is a subset of the
dataset, with a sample size of |𝐵𝑖| for the 𝑖:th mini-batch. In this work,
the target loss is calculated by averaging Eq. (18) over the samples
(i.e., the fuel rods) present in the mini-batch:

(𝑖)(𝐘,𝐘′) = 1
|𝐵𝑖|

|𝐵𝑖|
∑

𝑠=1
𝑠(𝐘,𝐘′), (19)

which is the loss function used to update the weights at each iteration.
Since there are 𝑁𝐵 = ⌈𝑁train∕|𝐵𝑖|⌉ mini-batches in the training

set, we also need a metric that measures the loss per epoch. This is
used only for a performance measure, not for training, and is given by
computing an average of Eq. (19) over the number of mini-batches:

epoch(𝐘,𝐘′) = 1
𝑁𝐵

𝑁𝐵
∑

𝑖=1
(𝑖)(𝐘,𝐘′). (20)

Note that the same metric is also used to evaluate the test loss without
dividing the data into mini-batches. Hence, for the test data, the loss
per epoch is computed with |𝐵𝑖| = 𝑁test and 𝑁𝐵 = 1.

4.5. Surrogate model candidates

Before selecting a final architectural design, we evaluate a set of
candidates, and the best-performing candidate will be further selected
5 
Table 1
Showcasing the performances of variants of the same model architecture
of different sizes.
Architecture ℎ𝜉 :ℎ𝑡 Parameters

TCN-v1 29 32 616
TCN-v2 42 66 871
FNO-v1 29 32 187
FNO-v2 42 66 247
FNO-v3 165 990 715

TFN-v1 29:29 66 500
TFN-v2 80:16 252 813

for more extensive training. First, we propose two base designs: a
single TCN, FNO, and a combined TFN (TCN-v1, FNOv-1). Note that we
intentionally choose the first 𝑀 = 32 non-zero frequency components
to match the number of parameters of FNOs with TCNs (for details,
see Section 2.2). In those, as well as in all other designs, the number
of channels used between the first and last layer is subject to choice,
but a fully connected layer is required in the final step so that the
output shape adapts to that of the output. TCN-v1, FNO-v1, and TFN-
v1 are all designed to have the same number of latent dimensions.
Still, as the TFN is more complex with more parameters, it requires
a more significant computation cost to be evaluated. Therefore, we
also construct two single models, TCN-v2 and FNO-v2, with a similar
number of trainable parameters and a more comparable computational
cost. Since the FNO design is shallow and needs only one layer (𝐿 = 1),
it is typically faster than a TCN that requires more depth to reach full
history coverance (𝐿 = 5 with a kernel size of 𝑘 = 3). Therefore,
we propose a more complex FNO-v3 with approximately the same
inference time as TCN-v2. Finally, we propose an ensemble model, TFN-
v2, where the intermediate number of channels for both the FNO and
the TCN is selected to have an equal computational cost between the
two components. The candidates are listed below in Table 1.

5. Results

We evaluate the models in the previous section using five-fold cross-
validation of the processed dataset. This ensures that the randomness
that arises when splitting the dataset is captured. We train all models
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Fig. 5. The complete dataset used for training and testing. The first ten figures represent the input LHGRs 𝐗 for each axial position of a rod. The 43 remaining figures together
represent the target 𝐘. The trained model will likely perform well on samples in the regions with high data density, see Fig. 10. Conversely, the model’s performance is expected
to degrade for regions with low data density, see Fig. 11. Model outputs that significantly deviate from those shown in this figure cannot be trusted.
using the AdamW (Loshchilov and Hutter, 2017) optimizer with default
settings for 500 epochs using a mini-batch size |𝐵𝑖| = 200. The learning
rate is set up to decay with 10% when there are no improvements in the
6 
training loss for the latest 100 epochs. The average losses are calculated
fold-wise for the test data using Eq. (17) averaged over all samples,
variables, and channels. For an inference time analysis, we employ the
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Fig. 6. Demonstrating 5-fold cross-validation for a shuffled dataset. The same model
architecture is trained on each validation fold. Hence, all parts of the dataset will be
used for testing once, which maximizes the data utilization for model evaluation.

Table 2
Showcasing the performances of variants of the same model architecture of different
sizes. The model is chosen at a checkpoint with the smallest test loss within the 500
epochs of each validation fold. The error shown in the table is the average of those
five smallest values.

Architecture Error Inference time

TCN-v1 6.70 ± 0.40 9.7 ms
TCN-v2 5.92 ± 0.26 13.0 ms
FNO-v1 27.53 ± 7.84 2.2 ms
FNO-v2 9.03 ± 0.50 3.3 ms
FNO-v3 5.86 ± 0.84 12.6 ms

TFN-v1 4.20 ± 0.05 12.4 ms
TFN-v2 3.78 ± 0.21 12.7 ms

best-performing model to process 1000 input samples repeated 1000
times using an NVIDIA TESLA P100 GPU. The average and the standard
deviation of the errors from each fold are reported for each model along
with the average inference time in Table 2.

In addition to the errors and the inference times presented above,
loss curves for the different models are provided in Fig. 7. Here, the loss
is averaged for the five cross-validation runs shown for the training and
test data sets.

5.1. Final surrogate model selection

As seen in the previous section, Table 2 shows that TFN-v2 is the
best-performing model with a reasonable inference time. From Table 2,
it is evident that FNO-v3 performs comparably to TFN-v1 and TFN-v2
regarding error metrics. However, we selected TFN-v2 for extensive
training because it offers the optimal balance between minimal error
and a manageable number of parameters, as seen in Table 1. Addition-
ally, Fig. 7 indicates no significant signs of over-fitting for all models.
Furthermore, TFNs tend to converge faster while being more robust to
changes in the data, as shown by the smaller uncertainties from the
cross-validations. Therefore, TFN-v2 is selected as the final surrogate
model for extended training, where we extend the number of training
epochs from 500 to 5000. The training is done for the first validation
fold only. The loss curve for this extensive training is presented in
Fig. 8. As seen from the figure, extensive training leads to increased
performance in that the loss decreases without obtaining any significant
tendency to overfit. Compared with previous loss curves, we can also
see that the loss curve from the extended training keeps decreasing
without converging, indicating that further training may be beneficial.

We have calculated each variable’s mean and median relative errors
to provide an overview of how the final model performs. The results
are presented in Table 3, indicating that the model performs well on
the test data.
7 
Fig. 7. Average loss curves over the cross-validations are plotted in the 𝑦-axis per
epoch for the models. Each loss curve corresponding to individual validation folds is
computed using (20). The uncertainty arises from the cross-validation, shown in one
unbiased standard deviation. Models with small uncertainty are more robust to changes
in data.

Fig. 8. Loss curves for TFN-v2, trained for 5000 epochs on the first cross-validation
fold. For visualization purposes, the loss is averaged for every ten epochs.

Table 3
Mean and median errors over the samples calculated using Eq. (17) for the different
output variables based on the IID test data. The most difficult variables are the measures
for fission gas release.

Variable Relative error [%]

Mean Median Std Dev

Centerline temperature 0.79 0.71 0.38
Rod internal pressure 1.20 0.97 1.04
Oxide layer thickness 0.74 0.64 0.51
Gap width 2.16 1.72 2.22
Hydrogen pick-up 0.67 0.58 0.46
Fission gas release 3.33 2.55 3.55
Fractional gas release 3.03 2.42 3.10

Average 1.70 1.37 –

5.2. Final surrogate performance

To showcase the performance of the obtained final surrogate model,
we present how it estimates some typical cases in the test data. Since
the training and test data sets include different cycles, we have selected
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Fig. 9. Test-loss distribution. Most independent test predictions agree with data with
relevant low errors, less than 5% according to Eq. (18).

a typical two and five-cycle rod for the demonstration. Those results are
presented in Fig. 10. As can be seen from the figure, there is typically a
significant resemblance between estimations and independent test data
calculated with Transuranus which aligns with the results in terms of
low errors presented in Table 3.

Despite that, we obtained low errors on average; certain test cases
experienced high losses. This is especially seen when looking at the
distribution of test losses as presented in Fig. 9. A more thorough exam-
ination of these cases reveals that they either involve power histories
affected by burnable absorbers – all rods are modeled in Transuranus
as standard UO2 rods without burnable absorbers, but some power
histories represent rods with burnable absorbers – or cases where the
data exhibit uneven temporal spacing between data points. The latter
is an artifact coming from that Transuranus tends to insert points more
closely when convergence is not achieved. As the interpolation method
used to resample the data does not ensure consistent time steps in the
final result, this issue is further amplified, leading to clusterlike clouds
of data points that are very close together, as shown in Figs. 11(a) and
11(b). To conclude, we have two types of cases for which the model
does not perform well. This data is, however, underrepresented, and
there are only about 0.6% such cases in the whole dataset.

6. Discussion

This work proposes a data-driven surrogate model that uses seq2seq
neural networks to replace the fuel performance code Transuranus in
specific time-critical applications. For example, if all the fuel rods in the
core need to be evaluated within less than a second. The proposed sur-
rogate model is a joint architecture that uses a TCN and an FNO to form
a TFN. That is a joint architectural model consisting of TCN and FNO
that can simultaneously learn complementary sequence characteristics.

This type of multi-scale modeling is not new in the machine-learning
community, and the idea of multi-scale learning has been deployed in
many different forms. For example, the inception architecture (Szegedy
et al., 2014) uses convolutional kernels of various sizes at each layer,
and the TS-TFC (Liu et al., 2023) uses the concept of temporal-
frequency co-training to perform semi-supervised learning for time
series data. Our TFN differs, however, from TS-TFC in the temporal and
spectral models. Furthermore, the TFN combines two models through
a linear map to perform a supervised regression task. Another model
that uses both the temporal- and frequency domains is BTSF (Yang and
Hong, 2022), which performs unsupervised time series representation.

Through our experiments, we have shown that the TFN performs
well on tests that are IID concerning the training data. However, we
want to emphasize that our model is trained to map the inputs to the
targets, and it does not learn how to generalize beyond the train and
test distributions without a significant increase in error. The model is
designed to operate within the data distribution presented in Fig. 5 with
lower errors in regions with high data density and vice versa.
8 
The samples with the largest errors shown in Fig. 11 are typically
underrepresented in the dataset as these are either rods with power
histories affected by burnable absorbers (with different power levels
during the first cycle) or rods with very inconsistent lengths between
time steps. We argue that the inconsistent length between time steps is
less problematic because, in a real-life application, a consistent time-
step series would be employed. To reduce the error, it is thus advised
that in future work, we try to include a more even selection of input
power histories, where all types of operations are represented equally.

In this work, we interpolate the data to a consistent sequence length
of 80, but the model can process larger input sequence lengths than
it was trained on. The maximum perceptive field under the current
setup is, however, 125. That means that for longer sequence lengths,
the TFN may not accurately account for the earlier behavior of the input
variables. In addition, the minimal sequence length is 65, as limited
by the number of frequency components. We recommend interpolating
to the same number of points on which the model was trained and
evaluated.

7. Conclusions

In the presented work, we have tested whether a seq2seq neu-
ral network surrogate model can approximate the fuel performance
code Transuranus under certain conditions. We have tested both a
model in the time domain (TCN) as well as in the frequency domain
(FNO) and a heterogeneous joint model architecture (TFN). We have
demonstrated that the suggested architectures are suitable for mapping
multiple power history sequences to corresponding multivariate output
sequences in fuel performance modeling. Given a fixed computational
cost, we conclude that the TFN outperforms both the TCN and the FNO.
More specifically, the TFN demonstrates faster convergence and good
robustness to data variations during cross-validation.

The TFN was then able to estimate critical fuel performance vari-
ables such that the test error for most variables when using the best-
performing model, is below a few percent. Consequently, in scenarios
where surrogate models for correlating power histories with predictions
of fuel performance phenomena are lacking, employing a TFN emerges
as a promising solution.

8. Outlook

If computational resources are available, we recommend increasing
the training time further as the loss curves in Fig. 8 did not fully
converge. Furthermore, we recommend reusing the models evaluated
for cross-validation by constructing a bagging-style ensemble, which
could further decrease the estimation error.

This study found significant errors in a limited number of fuel rods
modeled as standard rods despite their power histories influenced by
burnable absorbers. It is recommended to include a broader range
of fuel rod designs with varying burnable absorber levels to improve
the model’s generalizability. In future studies, the initial composition
should be also explicitly accounted for rather than being implicitly
included in the power history.

Finally, a future recommendation is to incorporate uncertainty esti-
mation, for example, using a Bayesian framework, so a model predic-
tion uncertainty can accompany that model prediction.
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Fig. 10. The figure demonstrates inputs regarding LHGR and outputs from Transuranus and the TFN-v2 model. These examples represent the model’s average performance as
shown in the test error distribution in Fig. 9. The outputs are fuel center line temperature, rod internal pressure, cladding oxide layer thickness, gap width, hydrogen pick-up, and
the absolute and relative amount of fission gas release. We have only shown the average outputs for visualization purposes.
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Fig. 11. The figure demonstrates inputs regarding LHGR and outputs from Transuranus and the TFN-v2 model, where the obtained test losses were high. The outputs are fuel
center line temperature, rod internal pressure, cladding oxide layer thickness, gap width, hydrogen pick-up, and the absolute and relative amount of fission gas release. We have
only shown the average outputs for visualization purposes.
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