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During loading pattern (LP) optimization and reactor design, a lot of time consumption spent on evaluation is one of the key issues. In order to solve this issue, the surrogate models are investigated in this paper. The convolutional neural network (CNN) and fully convolutional network (FCN) are adopted to predict the eigenvalue and the assembly-wise power distribution (PD) for a simplified pressurized water reactor (PWR) during depletion, respectively. For the eigenvalue prediction during depletion, the error in the begin of cycle (BOC) and middle of cycle (MOC) is higher than that in the end of cycle (EOC). For the BOC and MOC, the samples with discrepancy over 500 pcm are less than 1%, except four burnup points. For the EOC, the fraction of samples with error over 500 pcm is less than 1%. As for the error of assembly power, the average absolute error is on the same level for all test cases. The average absolute relative error in the center region and the peripheral region is higher than that in the inter-ring region. The prediction results indicate the capability of neural network to predict core parameters.
Keywords: surrogate model, convolutional neural network, reactor design, eigenvalue prediction, power distribution prediction
1 INTRODUCTION
One of the key issues during loading pattern (LP) optimization and reactor design is time consumption for evaluating millions of LPs. The purpose of evaluation is to give out the fitness of each LP, which is commonly represented by the core key parameters. The conventional evaluation method gives the fitness by executing core calculation repeatedly, and it is the main source of time consumption. Therefore, a surrogate model, which rapidly produces the core key parameters, is desired.
In the past research, the artificial neural network (ANN) has been used in predicting core key parameters. Due to the constraints of computing resources, earlier studies apply the multi-layer perceptron (MLP) as the prediction model. The linearized parameter or macro data in the core are used as the input. Early examples of research into the model include the prediction of power peak factor (Mazrou and Hamadouche, 2004; Souza and Moreira, 2006; Niknafs et al., 2010; Saber et al., 2015), eigenvalue (Mazrou and Hamadouche, 2004; Saber et al., 2015), departure from nucleate boiling ratio (Lee and Chang, 2003), and core reload program (Kim et al., 1993a; Kim et al., 1993b; Hedayat et al., 2009). However, previous studies with the MLP model have failed to find any link between the input data and the environment. Loss of spatial information is an inherent problem of MLP, which is caused by the linearization of input parameters.
Recently, researchers have shown an increased interest in predicting core key parameters with the convolutional neural network (CNN) (Krizhevsky et al., 2012). Unlike the MLP neural network, the CNN directly uses the information related to the problem as its input. In this way, the CNN avoids the inherent problem caused by the linearization of input parameters. Besides, the CNN uses the convolutional kernel as its base unit, which is beneficial to the learning of local features. Thus, in core parameter prediction, the CNN has a higher potential than the MLP, which is composed of dense layers. Surveys such as that conducted by Jang and Lee (2019) have shown that the CNN has higher accuracy than the conventional neural network, when they use the LP information as input to predict the peak factoring and cycle lengths. Further research (Jang and Lee, 2019) reveals that there is still some potential of the CNN model. When regularization and normalization are used, the prediction accuracy could be improved. Unlike Jang and Lee (2019) and Jang (2020), Zhang (2019) predicted the eigenvalue by the CNN with the assembly cross sections (XSs) as its input. The results indicate that the single freedom of XS as the input of the CNN has better performance than the multiple of that. In addition to lumped parameter prediction, Lee et al. (2019) used the macroscopic XSs as input and predicted the assembly-wise power distribution (PD). The results show that the CNN model has better performance for the problems similar to training data than the dissimilar problems. This phenomenon could be mitigated by the involvement of adversarial training data. Besides, the same padding setting is used to ensure the unchanged data size before and after through the convolutional layer. In the field of PD prediction, Whyte and Parks (2020) took the LP information as input to predict the pin-wise PD. Different from the former, they achieved PD prediction by reshaping normal CNN output to the LP size. However, to predict the PD by the CNN, the original network needs some special settings or changes. For example, Lee et al. (2019) involved the same padding setting. Whyte and Parks (2020) reshaped the normal output. To avoid further machinery, Long et al. (2015) designed a fully convolutional network (FCN) to achieve pixel-to-pixel prediction. For PD prediction, the pixel-to-pixel predicting process is similar to the conventional core calculation. They both use the pixel-like information as input and output. The main differences include two aspects. The first one is that the CNN uses the LP information as its input, while the core calculation uses the assembly XSs as its input. Another one is that the CNN predicts the PD by a neural network, while the core calculation gets it by solving partial differential equations. Therefore, the FCN is a natural choice for assembly-wise PD prediction with the LP information as its input. Zhang et al. (2020) modified the FCN to predict the PD and flux distribution with the assembly XSs as its input. Compared to the MLP, the FCN shows better performance. This research reveals that the FCN has potential in distributed parameter prediction. But there has been minimal investigation of predicting the PD with the FCN during depletion.
Therefore, in this study, the CNN and FCN are implemented to predict eigenvalue and assembly-wise PD during depletion, respectively. And a simplified PWR problem with 13 burnup points is used to assess the performance of the trained models. To simplify the input of the neural networks, we choose the single freedom as the model input. The LP is encoded as the index matrix to serve as input of the models.
The remainder of this paper is organized as follows. The methodology is introduced in Section 2. The numerical results are presented in Section 3. Finally, Section 4 gives conclusions.
2 METHODOLOGY
2.1 Computing Framework Based on Neural Network
In the evaluation process, the conventional method gets the eigenvalue and PD by performing core calculation. But the method used in this article predicts them with the CNN and FCN models. It is the main difference between this research and before. Neural network models are generated by training with the datasets. The general computing framework is shown in Figure 1, which comprises three parts:
(1) Dataset generation. First, multiple fuel assemblies with different enrichment fuel and burnable poison rod quality are designed and labeled with a unique ID. Second, the few-group constants are generated by lattice calculation with the Monte Carlo code Serpent (Leppänen et al., 2015). Third, the core LP is generated by the random method. Finally, the core calculation is performed with the in-house diffusion code to generate the training and validation datasets. The details are described in Section 2.2.
(2) Model training. For a neural network model, it achieves learning knowledge by adjusting the parameters in its network. The learning process is named training. The architecture of the network decides the degree of learning. In this study, the CNN and the FCN are adopted as prediction models. They are introduced in Section 2.3.
(3) Model verification. The verification is performed to verify the efficiency of the trained models. And Section 3 gives the results.
[image: Figure 1]FIGURE 1 | Computing framework of core parameter prediction.
2.2 Dataset Generation
The eigenvalue and the PD during burnup are determined by the initial LP. In this study, the reflector is fixed. The LP is randomly generated in a simplified PWR geometry in Figure 2, and the repetitive one will be abandoned. This generation process stops until the dataset size is reached. Then, the Serpent code is used to generate assembly few-group constants with the reflective boundary condition. Finally, the core calculation is performed with the in-house diffusion code for these LPs to obtain the eigenvalue and PD in each burnup point.
[image: Figure 2]FIGURE 2 | Geometry of the simplified PWR.
In order to preserve spatial information, the LP is encoded as a two-dimensional matrix, which is comprised of assembly IDs. Different assemblies have different fuel enrichments and burnable poison rod quantities. They include 25 enrichments varying from 12% to 18% divided into a constant interval of 0.25% and six different poison rod numbers including 0, 9, 13, 17, 21, and 25. The poison rods have the same 10B enrichment, which is 95%. Through the arrangement and combination of these settings, 150 different assemblies are formed. The temperature of the different problems is fixed as 900K. The fuel assembly is depleted to 100GWd/t, and the specific burnup steps are listed in Table 1. The basic power density of the fuel assembly is 0.5 MW/kg. In the designed assemblies, the moderator is fixed as the 561K water without the void and boron. The cladding material is fixed as the 600K stainless steel. The gap is fixed as 600K oxygen. The compositions of the above materials are given in Supplementary Appendix Table SA1. Figure 3 and Figure 4 describe the geometry of fuel assembly and the configuration of pin cell, respectively. As shown in Figure 3, there are four different groups of poison rod locations. For the assembly with nine poison rods, the location of the poison rod is marked with B1. For the assembly with thirteen poison rods, the poison rods are placed not only in B1 but also in B2. For the assembly with seventeen poison rods, the poison rods are placed in B1 and B3. For the assembly with twenty-one poison rods, the poison rods are placed in B1, B2, and B3. For the assembly with twenty-five poison rods, the poison rods are placed in B1, B3, and B4.
TABLE 1 | Burnup points.
[image: Table 1][image: Figure 3]FIGURE 3 | Assembly geometry.
[image: Figure 4]FIGURE 4 | Geometry configuration of different cells.
In addition, considering that the eigenvalue in different burnup points is not prior data, the eigenvalue is not normalized.
2.3 Model Description
Different problems need different models with different architectures. In this study, two types of neural network models are used. We performed some primary sensitivity analysis on the network architectures used in this research. The results indicate that the current networks are the best. Any adjustment to them will worsen the prediction accuracy. Besides, it is difficult to find the law between the adjustment and the model performance. Thus, we do not report it in this manuscript. A complete sensitivity analysis of the network architecture requires a lot of iterations, which are difficult to complete in this research and are considered for the future. Then, the models used in this research are introduced. The first type is the CNN, which is adopted to predict the eigenvalue. Its structure comprises convolutional, pooling, and fully connected layers, which are shown in Supplementary Appendix Table SA2. The convolutional layer aims to take the spatial data into account. The pooling layer summarizes the feedback of the whole neighborhood and improves the efficiency of the network. The network finishes up with the fully connected layer, which connects the network and the object.
The second type is the FCN, which is a variant of CNN and is presented diagrammatically in Figure 5. It is noticed that, at the end of conventional CNN, several upsampling layers and concatenate layers are added to achieve backward stride convolution. They combine different feature layers and generate the output of corresponding size to the input. Thus, the FCN can predict the assembly-wise PD with the LP as its input. The FCN structure, which is adopted in this study, is shown in Supplementary Appendix Table SA3. Table 2 gives the parameters used in the above models.
[image: Figure 5]FIGURE 5 | Schematic diagram of the FCN structure.
TABLE 2 | Model parameters.
[image: Table 2]Furthermore, there are two points that need attention. First, the models with different burnup points are trained separately, which means that different burnup points have different neural networks. Second, due to the computational load for training 50 neural networks, this study chooses several representative burnup points. Thirteen burnup points are selected as representatives, including 0, 0.2, 0.5, 1.0, 2.0, 35.0, 37.5, 40.0, 42.5, 92.5, 95, 97.5, 100.0 GWd/t, which represent the begin of cycle (BOC), middle of cycle (MOC), and end of cycle (EOC).
In this study, the Keras framework (Chollet, 2015) is used to establish neural network structures upon TensorFlow. The CPU and GPU used in this work are 3.3 GHz Intel Core i9-7900X and Nvidia GeForce GTX 2080Ti, respectively.
3 NUMERICAL RESULTS
3.1 Eigenvalue Prediction
In this section, the CNNs are trained to predict the eigenvalue in different burnup points. The architecture shown in Supplementary Appendix Table SA2 was used. 1 million samples (0.8 million for training and 0.2 million for validation, with no overlap between the two datasets) were generated to train and validate the CNNs.
Figures 6–8 show the scattering plot of eigenvalue and the error distribution of predicted eigenvalue. In the scattering plot, the red line is the mean absolute error (MAE) ±500pcm. In the error distribution histogram, the black line is the normal distribution curve based on the prediction results. The σ symbol represents the standard deviation of error distribution. The green region, the blue region, the red region, and the black region are the normal distribution range of 1σ, 2σ, and 3σ and the region out of 3σ, respectively. Table 3 summarizes the detailed results.
[image: Figure 6]FIGURE 6 | Eigenvalue predicted accuracy of the BOC.
[image: Figure 7]FIGURE 7 | Eigenvalue predicted accuracy of the MOC.
[image: Figure 8]FIGURE 8 | Eigenvalue predicted accuracy of the EOC.
TABLE 3 | Eigenvalue prediction error of trained models.
[image: Table 3]As a result of validation, in different burnup stages, the error distribution of the discrepancy between the predicted eigenvalue and the reference is close to normal distribution. However, compared to the normal distribution, the eigenvalue prediction error of CNN models is higher within the 1σ range. This means that the distribution of prediction error is more concentrated around the average error. But in the region of error exceeding 1σ, the distribution is wider than the normal distribution. The average error in all cases is within 100pcm. There is no obvious peak shift. Besides, the samples with the absolute error over 500 pcm are less than 3%, except for the second burnup point in the BOC. In general, the error in the BOC and MOC is higher than that in the EOC. This is because the reactivity of different assemblies varies greatly with poison depletion, which is greatly affected by the location. It increases the difficulty of the prediction process.
3.2 Power Distribution Prediction
As a further test of neural network, the FCNs are trained to predict PD. The architecture, shown in Supplementary Appendix Table SA3, was used. 1 million PD samples, generated with the eigenvalue, were used to train and validate the FCNs.
For the relative power of each assembly in different burnup stages, Figures 9–11 give the assembly average power, the assembly average absolute error, and the average value of the absolute relative error. The color of figures is given according to the assembly average power.
[image: Figure 9]FIGURE 9 | Power distribution prediction result of the BOC. First line: assembly average power. Second line: mean absolute error. Third line: average value of absolute relative error.
[image: Figure 10]FIGURE 10 | Power distribution prediction result of the MOC. First line: assembly average power. Second line: mean absolute error. Third line: average value of absolute relative error.
[image: Figure 11]FIGURE 11 | Power distribution prediction result of the EOC. First line: assembly average power. Second line: mean absolute error. Third line: average value of absolute relative error.
The average power of assembly decreases with the increase of the distance from the core center. The average absolute error shows the same trend. The error in the core center is higher than that in the core periphery. But the error is in the same level. For the average value of the absolute error, similar to eigenvalue prediction, the error in the BOC and MOC is higher than that in the EOC. In a specific burnup point, the error in the center region and peripheral region is higher than that in the inter-ring region. This phenomenon is caused by the spatial self-shielding effect. It means that there is different performance in different positions, even if the configuration is the same. Besides, the boundary condition, the reflector, and the void region exist in the core center and peripheral regions, which increases the difficulty of learning in these regions.
3.3 Discussion on Efficiency
In the process of evaluating the accuracy of models, the efficiency was also tested. During the diffusion calculation, each node was considered an assembly, and two-group constants were used. A steady-state diffusion calculation takes a few seconds, and the burnup calculation time can be neglected. It takes nearly 2 days to generate 1 million samples. However, for the neural network models obtained with training, it takes 18 s and 14 s to generate 0.2 million eigenvalues and PDs. The calculation efficiency is remarkably improved. For the CNN and FCN models, learning once (epoch) costs 23 s and 40 s, respectively. The detailed time comparison is listed in Table 4.
TABLE 4 | Time comparison.
[image: Table 4]Similar to the application of neural network in other fields, the generalization of trained models is an issue. In the process of training, each assembly was labeled with a unique ID. The existing IDs cannot identify any new assembly. It directly leads to the lack of generalization ability. This is the limitation of neural networks in this study.
4 CONCLUSION
In this study, the CNN and the FCN were adopted to predict the eigenvalue and the power distribution for a simplified core during burnup, respectively. The loading pattern is encoded as a two-dimensional matrix as the models’ input. As a result of validating for 0.2 million samples, the performance of the trained models for the EOC is better than that for the BOC and MOC. For eigenvalue prediction, the fraction of the eigenvalue with error more than 500 pcm is less than 1% for all burnup points in the EOC. But there are third burnup points in the BOC and one burnup point in the MOC, where the fraction is over 1%. This is caused by the changes of reactivity balance between poison and fuel in the BOC and MOC. However, in the EOC, the differences between different assemblies become small as the poison nuclide depletes to a negligible level. With regard to the power distribution, the performance of the trained models for the EOC is better than that for the BOC and MOC, too. The mean absolute error of assembly power follows that the error decreases with the increasing distance from the core center. But the error is in the same level. The average value of absolute relative error in the center and peripheral regions is larger than that in the inter-ring region. It is caused by the self-shielding effect, which leads to the different performance in different positions, even if the configuration is the same. Besides, the presence of boundary condition and the fact that the same information is shared among different fuel positions also increase the difficulty of learning.
This investigation indicates that the neural network has the capability to predict core key parameters, such as the eigenvalue and power distribution. Compared with the conventional diffusion calculation, the introduction of neural network as the surrogate model significantly reduces the computation time. However, the error is influenced by the depletion and the assembly location. This indicates that it is not appropriate to directly use the ID of assembly as input in this research. The selection of the model input needs to be further analyzed.
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