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During recent years, the Division of Applied Nuclear Physics at Uppsala University has applied 
various Machine Learning (ML) methods to analyze spent nuclear fuel inventory data in order 
to verify the Burnup (BU), Cooling time (CT) and Initial enrichment (IE). In the current study 
we review our toolbox and demonstrate it by performing regression and classification exercises 
on UOX and MOX fuel inventories. The work is based on an openly available spent fuel library 
[1] the data consists of a comma separated value (csv) file, which contains calculated isotopic 
concentrations of UOX and MOX fuels for various BU, CT and IE (789,406 UOX entries and 
531,991 MOX entries). The underlying simulations were performed on the Monte Carlo 
particle transport code, Serpent2. Typically, we wish to solve two types of problems with ML 
methods: regression (e.g. to estimate the BU of a fuel assembly) or classification (e.g. to decide 
whether the fuel assembly belongs to a certain category, for example is MOX fuel). These 
problems can be mathematically summarized as   

𝑌 = 𝐴𝑋 + 𝐸       (1) 

where X is a feature or predictor vector consists of observables (e.g. the isotopic concentrations, 
activities or measurable gamma and neutron signatures), and Y is the target vector, the 
quantities one wants to predict (which is either a numeric value for regression or a category for 
classification problems). Matrix A notes the mathematical model, the relationship between the 
predictor and target values. E accounts for possible noise in the system, however in this 
demonstration we omitted it. Our typical workflow follows as: 

— Scikit-learn is used to perform dimensionality reduction and to implement shallow learning 
algorithms. For obtaining the optimal hyperparameters for a ML problem, we use Bayesian 
optimization approach available within the keras-tuner when the grid of hyperparameters 
applicable to the machine learning problem is multidimensional; 

— TensorFlow is used for deep learning: The TensorFlow library is used to design, tune and 
deploy the neural network models; 

— We use Jupyter notebooks in order to facilitate the documentation and the presentation of 
the data analysis. 
 

Using ANNs to predict MOX fuel parameters: 
It is known that fuel properties such as BU, IE and CT are correlated to radionuclide activities 
in the fuel and these correlations are shown in . Past studies [2] carried out at Uppsala 
University involved development of ML models with the same database but with UOX fuel. In 
the present analysis, we observed good capability of ANNs to predict MOX fuel BU with 
reasonably low root mean squared error (RMSE) values. The network was trained and tested 
on 531,991 MOX samples from the dataset (with a 40-30-30 train-validate-test split). Activities 



 
 

of select radionuclides were used as input features in the model. FIG. 2 shows the results for 
parameter determination and UOX-MOX classification. The models are available at [3]. 
 

 
FIG. 1: Feature correlation heatmap showing Pearson’s correlation coefficients between various fuel 
parameters and radionuclide activities. 

FIG. 2: Left: True vs. Predicted BU (MWd/kgU) for MOX fuel cooled up to 20 years using ANN. Right: 
A Receiver Operator Characteristic (ROC) Curve for a UOX-MOX fuel classifier built using an ANN. 
 
As mentioned before, in this short demonstration we have not included any noise in the dataset, 
which would in reality be present when the data is originating from measurements. Currently 
we are working on extending the studies to experimentally measured data. 
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