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ARTICLE INFO ABSTRACT
Keywords: Many studies have used various methods to estimate future nuclear radiation levels to control
Air absorbed dose rate radiation contamination, provide early warnings, and protect public health and the environment.

Nuclear radiation prediction
Transformer
Long-time series forecasting

However, due to the high uncertainty and complexity of nuclear radiation data, existing pre-
diction methods face the challenges of low prediction accuracy and short warning time. There-
fore, accurate prediction of nuclear radiation levels is essential to safeguard human health and
safety. This study proposes a novel Mixformer model to predict future hourly nuclear radiation
data. The seasonality and trend of nuclear radiation data are extracted by data decomposition. To
address the slow speed problem common in traditional methods for long-time series prediction
tasks, Mixformer simplifies the decoder with convolutional layers to speed up the convergence of
the model. The experiments consider the air-absorbed dose rate of nuclear radiation data, spectral
data, six climatic conditions, and two other conditions. We use MSE and MAE metrics to verify the
effectiveness of Mixformer prediction. The results show that the Mixformer proposed in this paper
has better prediction performance compared to the currently popular models. Therefore, the
proposed model is a feasible method for industrial nuclear radiation data processing and
prediction.

1. Introduction

Nuclear energy is an essential energy source, but the effects of nuclear radiation on humans and the environment remain a concern
[1,2]. When nuclear radiation enters the body, it can damage cells and cause cancer or other health problems [3]. In addition, the
effects of nuclear radiation on the environment and ecosystems are severe [4]. Radioactive materials may contaminate the environ-
ment through air, water, or soil, leading to radioactive contamination of soil and water sources [5]. Large amounts of radioactive
material are released into the atmosphere, which impact climate change [6]. As a result, to protect the environment, monitoring and
predicting nuclear radiation data is essential [4,7].

Nuclear weapon tests and nuclear accidents can lead to significant emissions of carbon dioxide and other gases, which can affect the
global climate. In severe nuclear accidents, such as the 1986 Chornobyl nuclear leak [8] and the 2011 Fukushima nuclear accident in
Japan [9], large numbers of deaths or long-term health problems occurred. Saenko described the accident at the Chornobyl nuclear
power plant in detail. The accident released various radioactive isotopes, which led to radioactive contamination of a large area around
the accident site and increased the vulnerability of the surrounding population to radiation-related thyroid cancer [10]. Wada
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Fig. 1. The location of Yangtse North Road Station.

described the radionuclide contamination after the Fukushima Daiichi nuclear power plant (FDNPP) accident. The spatial and tem-
poral trends of (137)Cs concentrations in different habitats and the radiation effects on freshwater fish are explored [11]. Rong used
the Regional Ocean Model System (ROMS) to build a high-resolution unidirectional nested model to simulate and predict the potential
impact of the Fukushima nuclear spill on the East China Sea (ECS), with a large domain covering the entire North Pacific Ocean [12].
Once a nuclear accident occurs, the adverse environmental effects are irreversible.

To prevent major nuclear accidents, various methods have been proposed to monitor and process nuclear radiation data. Hoch-
baum and Fishbain utilized a mobile distributed sensor network for nuclear threat detection. The presence of potential sources of
danger and their approximate location is depicted by identifying a small area with a high concentration of reported risk [13]. Jeong
provided a method for understanding changes in radiation levels using graphical comparisons. Whereas previous work used static
sensor networks to detect and track radiation, mobile sensor networks offer a distinct advantage in tracking illegal radioactive ma-
terials [14]. Ogura conducted a discriminatory measurement of absorbed dose rates of natural and artificial radionuclides in the air in
Namiie Town, Fukushima Prefecture. It is also expected to be used for radiation risk reporting by differentiating natural and artificial
radionuclides to assess the annual effective external exposure dose [15]. Miles performed high-fidelity simulations of radiation
transport within urban areas using the Monte Carlo N Particle (MCNP) method to infer the location and intensity of unknown sources
[16]. Tsoulfanidis and Landsberger provided the most up-to-date and accessible introduction to radiation detector materials, systems,
and applications [17]. These studies employ various data techniques to analyze the acquired nuclear radiation data, enable the
processing of nuclear radiation data, and provide early warning of nuclear accidents.

However, nuclear radiation data are more complex than other data, and accurate prediction of nuclear radiation data is a chal-
lenging task [18]. Traditional nuclear radiation data analysis methods are no longer suitable for today’s needs. Deep learning methods
have recently been widely used for time-series data processing and prediction [19-21]. Choi and Lee proposed a machine learning
model using consistency metrics for sensor error detection in nuclear power plant emergencies [22]. Wang proposed an LSTM-based
anomalous event detection, identification, and isolation network to help maintain the safe operation of nuclear power plants [23].
Tsichrintzes conducted a comprehensive survey and discussion of machine learning and data analysis methods related to nuclear safety
[24]. Traditional condition monitoring methods do not provide operators with alerts or predictions of automatic shutdown in the event
of abnormal conditions in nuclear power plants that do not immediately lead to an automatic shutdown. Chen presented an
LSTM-based model for predicting the automatic scram assuming no operator intervention [25].

Although these deep learning methods have been successfully applied to nuclear radiation data processing, these methods have low
prediction accuracy, slow response time, and do not sufficiently consider the problem of long-time prediction. These models do not
apply to the prediction of long time series data, and the prediction accuracy decreases when the period of the input data is longer.
Inspired by the problems of the existing model, we propose a new model called Mixformer, which retains the framework of the
transformer. The encoder adds the decomposer module, which decomposes the data into seasonal and trend terms and learns the
spatiotemporal relationship between the two data separately. The structure of the decoder is simplified to improve the model’s pre-
diction accuracy while speeding up the convergence of the model. The contributions of this study are summarized as follows: First, the
problem of nuclear radiation data prediction is studied, which provides a research basis for early nuclear accident warning. Second, the
prediction accuracy of nuclear radiation data is improved, and the results are better than other methods. Third, the nuclear accident
warning time is long, and it can predict nuclear radiation data for a long time in the future. Fourth, the model speeds up the prediction
response and saves computational resources and time. The experimental results show that Mixformer is more accurate in predicting
complex nuclear radiation data, has longer prediction time steps, and runs faster than other prediction models.

The remaining sections of this paper are as follows. Section 2 describes the study area. The experimental data are analyzed and
processed. Section 3 introduces Transformer, a popular method for timing prediction, and explains the structure and advantages of the
new model Mixformer. Section 4 focuses on analyzing the results of the experiments and discussing the ablation studies. Section 5
summarizes the importance of the research in this paper to protect the environment. The paper experimental code has been uploaded
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Introduction of nuclear radiation data parameters at North

Yangzi Road Station.

Index Unit
Air-absorbed dose rate Gy -h!
Spectrometer value ev
Temperature °C
Humidity %
Air pressure hPa
Wind direction °
Wind speed m/s
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Spectrometer voltage v
Spectrometer temperature °C
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Fig. 2. The collection and display of study data. (a): Distribution of air absorbed dose rate data at Yangtze North Road Station. (b): Distribution of
air absorbed dose rate data at Beijing Changchi Road Station. (c): The composition of a specific monitoring station.

to the github, https://github.com/1376588939/Mixformer_project.
2. Study area and data

2.1. Study area

The study area is the nuclear monitoring data of the Yangtse North Road Station in Yangzhou, Jiangsu, which is a relatively typical
urban environmental monitoring station, and its radiation data can represent the radiation level in the urban environment and has a
certain degree of representativeness. The nuclear radiation data used in the experiments were from January 1, 2020, to December 29,
2020. The nuclear power plant sampled monitoring data every 5 min, generating about 105,000 nuclear data. The location of the study
area is shown in Fig. 1. Yangtse North Road Station is one of the national environmental monitoring stations, and its monitoring data
has high accuracy and credibility, which can be used as a reliable data source for the study.

This study considered air-absorbed dose rates and nuclear radiation data measured by spectrometers. The air-absorbed dose rate is
the ambient surface gamma radiation dose rate in gray-hour ! (Gyh ™) units before deducting the portion of the instrument response
to cosmic rays. The background level of absorbed dose rate in the air mainly consists of two items: 1) the ambient surface y radiation
dose rate generated by natural radioactive materials contained in local strata and natural radioactive materials contained in surface
buildings; 2) by the cosmic ray dose rate from space. The air-absorbed dose rate is a measurable quantity that can directly, quickly, and
continuously reflect the environmental radiation level and is an integral part of environmental radiation monitoring. Nuclear leakage
can lead to a significant and sustained increase in the absorbed dose rate of air, such as the nuclear accident in Fukushima, Japan,
which led to a significant increase in the absorbed dose rate of air in its vicinity for a long time. As of early 2014, some sites’ air-
absorbed dose rates still reached tens of thousands of nGyh™!. Monitoring the air-absorbed dose rate can obtain information about
the environment’s natural background y radiation level and the environmental y radiation level and its changes caused by human
practice. It can also monitor the condition of nuclear facilities and other sources of radiation devices and issue alarms for abnormal
releases or accident situations. Provide data for estimating the external exposure dose to the public caused by the y radiation in the
environment. In addition to this, the data include six climatic conditions: temperature, humidity, air pressure, wind direction, wind
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Fig. 3. Vanilla Transformer’s encoder-decoder architecture. Top: The encoder includes an attention layer, norm layers and a feed forward layer.
Bottom: The decoder includes two attention layers, norm layers and a feed forward layer.

speed, rainfall, and two other spectrometer operating conditions, including spectrometer voltage and spectrometer temperature. These
two are the spectrometer variables, that is, the measured voltage and the measured temperature of the spectrometer. The output of the
detector relates to the final measurement results, so the impact of these two variables cannot be ignored. Failure to consider the
variations introduced by the measurement instruments may lead to erroneous prediction results. A detailed description of the reference
indicators shows in Table 1.

2.2. Data processing

When it comes to monitoring instrument calibration, reset, and other routine maintenance behavior, or instrument and commu-
nication failure, power outages, and other phenomena, certain stations will have no monitoring or abnormal monitoring values for
some time. We first pre-process the data before training. The missing values in the data are filled using averaging for the missing values,
and the abnormal values are discarded. Because the data sampling interval is only 5 min, it results in a large amount of redundant
information in the dataset. Therefore, by downsampling, we collect data for each hour to remove redundant information while
relieving the pressure on the model training. The distribution of the absorbed air dose rate throughout the year is illustrated in Fig. 2
(a). We sliced the data to show the first two thousand data items, which makes it clearer to see the irregular data distribution and
illustrates the difficulty of accurate prediction. The Radiation Monitoring Technology Center is equipped with a complete range of
advanced domestic and radiation environment monitoring instruments, as shown in Fig. 2. (c). In order to verify the applicability of the
model in different situations, the dataset collected at Changchi Road Station in Changping, Beijing, is also used in this experiment. This
area is geographically different from Yangzhou and has a different climate. The dataset distribution is shown in Fig. 2 (b).

3. Methodology

Predicting future nuclear radiation data based on past observations at the Yangtze monitoring station is crucial. The general
framework of the nuclear radiation monitoring early warning model proposed in this paper is shown in Fig. 5. The Mixformer model
has three crucial modules: encoder, decoder, and decomposer. The raw input data is pre-processed and fed to the encoder. The role of
the encoder is to extract the spatio-temporal correlation between different data features. Also, the raw input data is fed into the decoder
to extract the seasonal and trend features of the nuclear radiation data. The predicted value is the combination of the encoder and
decoder outputs.

3.1. Transformer for long-time series forecasting

To capture the spatiotemporal relationship between nuclear radiation data and the predictor variables, the prediction model
proposed in this paper is based on Transformer [26] and its variant in time series prediction. The Transformer model is prevalent for
time series tasks, and it achieves the best results on many tasks through the encoder-decoder structure and the attention mechanism.
The structure of the vanilla transformer is shown in Fig. 3.

Vanilla Transformer uses the classic encoder and decoder architecture. The encoder consists of a position encoding layer, a self-
attentive layer, a feedforward layer, and a normalization layer. The input layer converts the input time series into a vector of
dimension D through a fully connected layer, which is input to the multi-headed attention layer after position embedding. Each
attention layer extracts the correlation of different features of the input vector, which is then connected and normalized through the
residuals layer. The obtained vector is the output of the encoder after passing through a fully connected feedforward layer.

The self-attentive layer is the critical part of the Transformer, which accepts the input x encoded by the position and obtains the
matrices Q (query), K (key), and V (value) after the linear transformation W. After getting the matrices Q, K, and V, the output of the
self-attention layer can be calculated,
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Fig. 4. The internal structure of the decomposer in Mixformer. Decomposer includes two steps: padding and 1-D AvgPool. The output of
decomposer is divided into seasonal part and trend part.

Attention(Q, K, V) = softmax (QKT ) 1 (D)
R Vi

Equation (1) determines the inner product of each row vector of matrices Q and K. The inner product is divided by the square root of
dx to keep it from being excessively huge, where dj is the dimension of the input vector. The number of rows in the resulting matrix,
generated by multiplying Q by K’s transpose, is n, where n is the length of the temporal data. This matrix can be used to express how
much attention was paid to each piece of data.

The output of the attention layer goes through the Add & Norm layer. The Add & Norm layer consists of two parts, Add module and
Norm module, which are calculated as follows,

X, =LayerNorm(X + Attention(X)) 2)

X denotes the input to the attention layer. The Add module is a residual connection, typically used to solve the problem of training
multilayer networks, that allows the network to focus only on the part of the current difference.

The Feed Forward layer is relatively simple, being a two-layer fully connected layer with ReLU as the activation function for the
first layer and no activation function for the second layer, corresponding to the following equation,

max (0, XWj, +b; )Wy, + by, 3)
The output of the feedforward layer also goes through the Add & Norm layer,

Xr = LayerNorm(X + Feedforward(X)) 4

X denotes the input to the feedforward layer. X is the final output of the encoder layer. The composition of the decoder and encoder
layers is the same, except the decoder has one more attention layer. Notice that the input of the decoder’s first attention layer is the
decoder’s original input data. Furthermore, the input of the second attention layer is the output of the encoder and the output of the
first attention layer. The rest of the structure is the same as that of the encoder.

The transformer model achieves parallelized data training without the inherent sequential properties of previous temporal models
such as RNN [27], LSTM [28], and GRU [29]. Moreover, the number of operations required by the Self-attention module to compute
the association between two positions is distance independent. Therefore, Transformer has better results for the prediction of long-time
series data. Nevertheless, the Transformer does not perform as well as it should regarding nuclear radiation data. Because of the
problem of encoding location information in the Transformer, it focuses more on the spatial relationship of the data and ignores the
temporal relationship of the data.

3.2. Mixformer for long-time series forecasting

Accurately predicting complex nuclear radiation data over long periods is a thorny problem. The new model proposed in this paper
improves the Transformer, allowing the Mixformer to perform better when dealing with prediction tasks similar to nuclear radiation
data. The structure of Mixformer is shown in Fig. 5.

As a whole, the Mixformer model retains the encoder and decoder structures in the Transformer model. Considering the complexity
of nuclear radiation data, the Mixformer model simplifies the construction of the decoder. The complex model is more likely to cause
overfitting to the training data, especially the nuclear radiation data, without apparent patterns. Therefore, the decoder of Mixformer
consists of only the decomposer, convolutional layer, and feedforward layer.

First, the nuclear radiation data is preprocessed, and the resulting data is fed into the embedding layer. The embedding layer in
Mixformer is different from that in the vanilla Transformer. It includes position embedding, token embedding, and temporal
embedding. Position embedding uses sine and cosine functions to encode the input order of the data. Token embedding is a one-
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Fig. 5. The model structure of Mixformer. Top: The Encoder module includes N attention layers, two decomposers, convolution layers and a feed
forward layer. Bottom: The decoder module includes a decomposer, convolution layers, feed forward layer and norm layer. The output of encoder is
fed into the convolution layer in decoder.

dimensional convolution of the input data to expand the feature dimension of the data. Moreover, temporal embedding is responsible
for further extracting the temporal relationship between the data. Each piece of nuclear radiation data is classed according to the
month, day, hour, and minute because it is sampled yearly. Three embedding steps are necessary to reach the desired outcome.

X,m = Token(X;,) + Position(X;,) + Temporal(X;,) (5)

After X, is input to Encoder, the multi-headed self-attentiveness of the input sequence length is calculated first. The multi-headed
self-attentiveness mechanism, which the following equation can express as,

MultiHead(Q, K, V) = Concat(hy, ha, - - -, h, )W (6)

Where h; = Attention(Q;, K;, V;) denotes the i th attention head, h denotes the number of heads, and W?, WK and WY denote the
projection matrix of queries, keys, and values, respectively. W is the final mapping matrix.

Unlike other models, Mixformer will decompose the multi-headed attention layer’s output to get the input data’s seasonal and
trend characteristics, effectively predicting nuclear radiation data. The patterns of nuclear radiation data itself are complex and
difficult to predict. If the data is divided into two parts, it is easier to find the intrinsic relationships. The structure of the decomposer is
shown in Fig. 4. The decomposer uses an average pooling layer to traverse the entire data time series and find its trend features.
However, the feature extraction step is preceded by a padding operation on the input. The padding operation allows the input
dimension to be the same as the output dimension. To better use the information at both ends of the time-series data, we first replicate
the data at both ends and then pass the one-dimensional averaging pooling layer. Convolution kernels of different sizes also extract
trend features of different lengths. The final seasonal and trend terms are obtained.

Then the features are learned by convolutional layers for seasonal and trend terms, respectively. The output is again passed through
the decomposer to uncover the temporal correlation of the data further. Finally, the encoder output is obtained by a feedforward layer,
either a convolutional layer or an MLP. The calculation process of the encoder is shown below,

X, = Attention(X,,, ),
S!  T! = Decomposer(X, + X,.),

en’ " en

8%, T2, = Decomposer(Conv1d(S},) +S.,),

en? “en en

X,, = Linear (LayerNOrm (Sin ) ) :

)

The decoder structure of Mixformer has been simplified and improved. To retain the initial characteristics of the original input data,
it enters the decoder directly without embedding processing. The first module of the decoder is the decomposer. The seasonal term S,
and the trend term T, are obtained by convolutional layers. The output of the encoder is then summed with X,, and fed into the
feedforward layer to obtain the decoder output. The calculation process of the decoder is shown below,

Sk, T}, = Decomposer(X),

8%, = Convld(Sy,),

12, = Conv1d(T},).

Xy = Linear(aX., + S5, + T3,).

®



Table 2
MSE and MAE results of Mixformer versus other methods for predicting air-absorbed dose rates. The input sequence length is fixed at 96h, and the predicted time lengths are 48h, 96h, 192h, 336h, and
720h. Each data is sampled at 1h intervals. Each method was run three times, and the average values were given. The best results are highlighted in bold, and the second best is underlined.
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Fig. 6. The change of MSE for the prediction length: {48, 96, 192,336,720}.

Xge is the output of the decoder, which is the predicted value of the nuclear radiation data. « is the learning rate. The loss of the model is
obtained by calculating the error between the predicted value y and the actual value y, and then the network parameters are updated
by backpropagation. The validity indicators of the model prediction performance are MSE and MAE, which are calculated by the
formulas as follows,

N
MSE =" (3, - )’
= 9
MAE = Y75, — 3

4. Results and discussion
4.1. Experiment settings

Dataset. The data comes from the automatic monitoring results of the radiation environment automatic monitoring stations of the
National Radiation Environment monitoring network, and the monitoring points include environmental quality monitoring points and
nuclear power plant monitoring points. The monitoring station preprocessed the experimental data. Instrument measurements with a
relative intrinsic error of less than 15% were selected for the monitoring station, and the test source decay correction was considered.
The extended uncertainty of the ambient y radiation dose rate measurement does not exceed 20%. The cosmic ray response values at
the measurement points were corrected considering the correction factor for shielding cosmic rays by buildings. To ensure a fair
comparison of model performance, we divided the data into a training, validation, and test set, with corresponding percentages of
70%, 10%, and 20%, respectively. The data include air-absorbed dose rate, spectral data, temperature, humidity, barometric pressure,
wind direction, wind speed, rainfall, spectrometer voltage, and spectrometer temperature for the past year of nuclear radiation data at
the North Yangzi Road station. The experimental results at Beijing Changchi Road station are presented in the appendix. The prediction
is the future air-absorbed dose rate. This study belongs to the problem of multivariate prediction of univariate in long time series
prediction.

Evaluation Metric. We use mean square error (MSE) and mean absolute error (MAE) as the core metric for comparing perfor-
mance. Our method is trained with the L2 loss, using the Adam optimizer. The training process is early stopped within 10 epochs.

Compared Methods. We compare the LSTM [28] and four recent transformer-based methods: FEDformer [30], Autoformer [31],
Informer [32], and Transformer [26]. In addition, we compare the latest State-Of-The-Art (SOTA) method Linear [33] and its two
variants, which simplify the attention module in the Transformer, and we use it as an alternative implementation of the baseline. Since
there are two variants of FEDformer, we compare the one with better accuracy (FEDformer-f by Fourier transform).

4.2. Comparison with transformers

For better comparison, we performed the same preprocessing on the input data for each model, where the length of the input data
was 96. The lengths of the predicted data were 48, 96, 192, 336, and 720. Table 2 summarizes the multivariate time series prediction
results of all models on the nuclear radiation data set. As shown in Table 2, Mixformer has the highest accuracy in predicting the air-
absorbed dose rate for more extended periods in the future. When predicting the air-absorbed dose rate for the next short 48 h,
Mixformer’s results are similar to those of other transformer methods. FEDformer-f has the best result with an MSE of 0.7036, but
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The change of MAE with prediction length
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Fig. 7. The change of MAE for the prediction length: {48, 96, 192,336,720}.

Table 3

Network parameters (Param) and floating-point arithmetic numbers (Flops) of Mixformer compared to other Transformer-like models.
Method Mixformer FEDformer Informer Autoformer Transformer
Param(10°) 86.30 163.01 113.35 105.34 105.47
Flops(10°) 103.45 152.16 140.00 152.16 152.23
Time(s) 58.0 380.1 81.1 138.9 76.2

Mixformer’s MSE is only 0.7077. The prediction accuracy of the two methods is similar. The transformer class method outperforms the
Linear and LSTM when predicting the absorbed air dose rate for shorter durations. But the situation changed when the length of the
prediction increased. In particular, Mixformer’s enhancements are very significant compared to Transformer-based models. Compared
to the SOTA method FEDformer, Mixformer improves the overall accuracy by 72.6% relative to MSE. The reason for this anomaly is
that the FEDformer model focuses more on the cyclical pattern of the data. It extracts the frequency domain features of the data by
performing Fourier transform on the original data. Therefore, FEDformer performs well on data sets with significant periodic patterns.
However, nuclear radiation datasets are affected by many complex and unstable factors and do not have obvious periodic patterns.
These Transformer model-based methods do a lot of feature extraction on the raw data but do not perform as well as the simple Vanilla
Transformer. Nevertheless, Transformer’s performance is also inferior to Mixformer, with Transformer’s MSE being 0.9839. Mix-
former’s effect is improved by 34.3%. The SOTA Transformer methods even suffer from GPU out-of-memory problems when predicting
longer time steps like 336h and 720h. The visualization MSE and MAE results of Mixformer and other methods in predicting different
time steps are shown in Fig. 6 & Fig. 7. It can be seen that the MSE and MAE of Mixformer increases slowly and smoothly with the
increase of the prediction time step. When the prediction time is up to 720h, Mixformer’s MSE is only 0.832, 45.8% lower than the sub-
optimal NLinear. However, the MSE and MAE of other methods increase rapidly with the increase in prediction length. In particular,
their model complexity affects FEDformer-f and Autoformer, resulting in poor final generalization. The experimental results show that
the Mixformer model has better generalization capability when dealing with nuclear radiation data and can adapt to complex and
variable air-absorbed dose rates and make reasonable predictions. In addition, compared to other Transformer class methods, Mix-
former is faster and has fewer network parameters. Table 3 shows the network parameters, floating-point arithmetic numbers and the
time required to run a single epoch.

Table 4
Results for Mixformer and variants predicting time step of 96.
Methods Metrics Prediction length: 96 Mean
Mixformer MSE 0.7328 0.7554 0.7532 0.7471
MAE 0.6876 0.7170 0.7142 0.7063
Mixformer-V1 MSE 0.9631 0.9094 0.9669 0.9465
MAE 0.7689 0.7258 0.7426 0.7458
Mixformer-V2 MSE 1.1646 1.3601 1.3814 1.3020
MAE 0.7256 0.7531 0.7078 0.7288
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Fig. 8. Comparison of the predicted values of the air-absorbed dose rate with the actual values under different models. Where (a)-(h) are the
predicted values of the comparison algorithm, and (i) is the predicted value of Mixformer. The input size of nuclear radiation data is 96h, and the

predicted length is 96h.

Table 5
Effect of averaging pooling layers in Mixformer on prediction results.
Kernel size Metrics Prediction length: 96 Mean
12 MSE 0.7824 0.7715 0.7593 0.7711
MAE 0.6830 0.6794 0.6758 0.6794
24 MSE 0.7320 0.7344 0.7317 0.7327
MAE 0.6761 0.6772 0.6760 0.6764
48 MSE 0.7345 0.7347 0.7352 0.7348
MAE 0.6760 0.6770 0.6781 0.6770
96 MSE 0.7672 0.7485 0.7399 0.7519
MAE 0.6948 0.6876 0.6845 0.6890
12, 24 MSE 0.7319 0.7335 0.7315 0.7323
MAE 0.6753 0.6784 0.6751 0.6762
12, 24, 48 MSE 0.7360 0.7355 0.7369 0.7361
MAE 0.6891 0.6786 0.6791 0.6823
12, 24, 48, 96 MSE 0.7360 0.7361 0.7369 0.7363
MAE 0.6862 0.6863 0.6878 0.6868
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Fig. 9. The self-attentive heat map in Mixformer. The lighter part indicates a high correlation between the current two points, and the darker part
indicates a low correlation. Mixformer uses a multi-headed attention mechanism with 8 different self-attention.

<

4.3. Ablation studies

In this section, we performed ablation experiments to verify the validity of the Mixformer model and its variants.

Although the Transformer-based approach performs poorly on nuclear radiation datasets, does the attention mechanism not play a
role? Mixformer retains the attention mechanism in Transformer and removes the complex decoding process from the intrinsic
structure. To verify the effectiveness of the attention mechanism, we compare other baseline algorithms that do not employ the
attention mechanism, such as LSTM, with the latest method Linear for long-time series prediction tasks. The Linear algorithm has
outperformed methods such as FEDformer on some public datasets. Two ablation variants of Mixformer were tested: 1) Mixformer
without decomposer(Mixformer-V1): removing the decomposer from the encoder layer; 2) Mixformer with MLP(Mixforemer-V2):
replacing the convolutional layer in the decomposer with a linear layer.

Two ablation variants of Mixformer were tested: 1) Mixformer without decomposer: removing the decomposer from the encoder
layer; 2) Mixformer with MLP: replacing the convolutional layer in the decomposer with a linear layer.

The experimental results of the ablation experiments are shown in Table 4. The results of the Mixformer-V1 experiments show that
the decomposer is crucial when processing nuclear radiation data. The decomposer can extract deep seasonal and trend features in
complex data. This can also be seen from the results of DLinear in Table 2. Compared with Linear, DLinear with data decomposition is
better. The Mixformer model extracts the inherent properties of the data twice using two decomposers in the Encoder layer, which
allows for a better understanding of the seasonality and trend of the data. However, the number of decomposers should be manageable.
Otherwise, it will easily cause an overfitting phenomenon and reduce the computing speed.In addition, the results of Mixformer-V1
outperform other Transformer class methods, verifying that the complex model does not apply to the prediction of nuclear radia-
tion data. Even without the decomposer, the simplified decoder structure still improves performance and does not easily cause
overfitting.

Similarly, Mixformer-V2 does not perform as well as Mixformer, verifying that convolutional layers are more capable of extracting
the intrinsic connections of data than linear layers. The linear layer cannot extract spatiotemporal relationships for data sets without
obvious periodic patterns.

4.4. Prediction of air-absorbed dose rates

Fig. 6 shows the difference between the predicted and actual values of the future air-absorbed dose rate when the input is a fixed 96
length of time-series data for a more visual comparison of the model predictions.

Because of space limitations, Fig. 8 only shows the results of predicting the future 96-time steps when the input data length is 96.
(a)-(d) are the prediction results based on the Transformer and its variants. It can be seen that the Transformer learns the trend change
of the data, and the prediction results are close to the mean value from the results. However, the prediction results are too flat and have
no ups and downs. Such results are unsatisfactory, although the MSE and MAE appear small. Predicting the increasing or decreasing
trend is not accurate enough for predicting nuclear radiation data. (e) is the result of LSTM, similar to the result of the Transformer
class method. LSTM also cannot learn the change of data but only mimics the general trend of data. (f)-(h) are the forecasting results of
Linear and its variants, which are very different from those of Transformer, as the forecasting results of Linear are more seasonal and
less trendy. (i) is the forecast result of Mixformer, which combines the advantages of both methods, learns the seasonal and trend
characteristics of historical data, and combines the results of both methods organically.

After sufficient comparative experiments, we found that the attention mechanism can extract the overall trend characteristics from
complex nuclear radiation data. When the prediction results have significantly deviated, the self-attentiveness will pull the results
toward the correct trend without any obvious misjudgment. The data prediction is also inseparable from the decomposer, which
extracts different degrees of seasonal features depending on the size of the convolution kernel. In short, the decomposer allows the
model to focus more on small changes, which is crucial for predicting nuclear radiation data because even small changes in air-
absorbed dose rates can cause unpredictable safety hazards.

4.5. Convolution kernel analysis

As shown in Section 3.2, the decomposer comprises several averaging pooling layers. By varying the size of the average pooling
layers, the effect of different sizes and the number of layers of the average pooling layers on the prediction results can be obtained. The
results of the experiments are shown in Table 5.

To simplify the contrast test, we compare the average pooling layer’s size and number of layers only when the fixed input time step
is 96 and the prediction time step is 96. When using one layer of averaging pooling layers, the convolution kernel works best at one-
quarter of the input time step. The size of the convolution kernel should also be proportional to the size of the input data. When the
convolution kernel size is the same as the input data size, the MSE is 0.7519, a 2.6% increase compared to size 24. When using multiple
layers of averaging pooling layers, more time and computational resources are consumed, although increasing the number of layers is
less effective in improving the prediction accuracy. When dealing with complex and irregular air-absorbed dose rate data, too many
decomposition layers cause overfitting. The more decomposition layers, the more accurately the detailed features of the data are
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Table 6

MSE and MAE results of Mixformer versus other methods for predicting air-absorbed dose rates at Beijing Changchi Road Station. The input sequence length is fixed at 96h, and the predicted time lengths
are 48h, 96h, 192h, 336h, and 720h. Each data is sampled at 1h intervals. Each method was run three times, and the average values were given. The best results are highlighted in bold, and the second best

is underlined.

Method Metric Prediction length: 48 Mean Prediction length:96 Mean Prediction length:192 Mean Prediction length:336 Mean Prediction length:720 Mean
Transformer MSE 1.174 1.1312 1.2076 1.1709 1.1766 1.2836 1.1375 1.1992 1.1403 1.1817 1.1666 1.1629 1.1609 1.245 1.2311 1.2123 1.1227 1.1172 1.149 1.1296
MAE 0.8428 0.8306 0.8554 0.8429 0.8409 0.8796 0.8300 0.8502 0.8206 0.8337 0.8309 0.8284 0.8275 0.8614 0.8537 0.8475 0.8168 0.8167 0.8286 0.8207
Autoformer MSE 1.0135 1.0369 1.0252 1.0252 1.1506 1.1543 1.0110 1.1053 1.1901 1.1857 1.1545 1.1768 1.1064 1.1789 1.1520 1.1458 \ \ \ \
MAE 0.7834 0.7912 0.7885 0.7877 0.8347 0.8385 0.7789 0.8174 0.8469 0.8472 0.8361 0.8434 0.8119 0.8390 0.8311 0.8273 \ \ \ \
Informer MSE 1.0314 1.0290 0.6982 0.9195 0.9371 0.9573 1.0715 0.9886 1.0258 0.9916 0.9271 0.9815 0.9743 0.9656 1.1128 1.0176 1.0462 1.0204 1.0688 1.0451
MAE 0.7814 0.7784 0.6606 0.7401 0.7479 0.7575 0.7986 0.7680 0.7796 0.7684 0.7457 0.7646 0.7638 0.7588 0.8094 0.7773 0.7944 0.7804 0.8013 0.7920
FEDformer-f MSE 0.9875 0.9882 0.9858 0.9872 1.1472 1.1412 1.1589 1.1491 1.2912 1.2696 1.2148 1.2585 1.1575 1.1926 1.1909 1.1803 1.2423 1.2480 1.2291 1.2398
MAE 0.7732 0.7734 0.7721 0.7729 0.8370 0.8349 0.8413 0.8377 0.8940 0.8846 0.8632 0.8806 0.8334 0.8479 0.8470 0.8428 0.8699 0.8718 0.8652 0.8690
LSTM MSE 1.0320 1.0446 1.0283 1.0350 1.0482 1.0596 1.0485 1.0521 1.1577 1.1601 1.1739 1.1639 1.2165 1.2190 1.2051 1.2135 1.4147 1.3436 1.3905 1.3829
MAE 0.7835 0.7886 0.7813 0.7845 0.7892 0.7945 0.7879 0.7905 0.8492 0.8493 0.8537 0.8507 0.8695 0.8700 0.8659 0.8685 0.8648 0.8400 0.8546 0.8531
Linear MSE 1.0080 1.0102 0.9992 1.0058 1.0808 1.0904 1.0814 1.0842 1.1211 1.1202 1.1242 1.1218 0.9577 0.9601 0.9739 0.9639 1.1238 1.1241 1.1234 1.1238
MAE  0.7833 0.7297 0.7795 0.7642 0.7837 0.8128 0.8099 0.8021 0.8212 0.8210 0.8222 0.8215 0.7492 0.7493 0.7537 0.7507 0.8172 0.8177 0.8174 0.8174
DLinear MSE 0.9643 0.8165 0.8142 0.8650 1.0427 1.0189 1.0184 1.0267 1.0819 1.2479 1.2556 1.1951 1.3952 1.3941 1.3984 1.3959 1.7070 1.7176 1.6968 1.7071
MAE 0.7648 0.7124 0.7115 0.7296 0.7938 0.8027 0.8026 0.7997 0.8057 0.8994 0.9026 0.8692 0.9600 0.9595 0.9612 0.9602 1.0783 1.0826 1.0743 1.0784
NLinear MSE 1.1100 1.1052 1.0936 1.1029 1.2281 1.2409 1.3012 1.2567 1.2932 1.2951 1.2734 1.2872 1.2765 1.2717 1.2766 1.2749 1.2957 1.2973 1.2985 1.2972
MAE 0.8247 0.8226 0.8184 0.8219 0.8664 0.8709 0.8904 0.8759 0.8876 0.8883 0.8987 0.8915 0.8762 0.8741 0.8762 0.8755 0.8845 0.8853 0.8857 0.8852
Mixformer  MSE 0.7931 0.8979 0.8255 0.8388 0.9040 0.9117 0.8968 0.9042 0.9745 0.9451 0.9199 0.9465 0.8951 0.9299 0.9126 0.9125 0.9906 0.9819 0.9554 0.9760
MAE  0.7087 0.7511 0.7195 0.7264 0.7532 0.7523 0.7493 0.7516 0.7613 0.7518 0.7592 0.7574 0.7364 0.7529 0.7558 0.7484 0.7547 0.7517 0.7446 0.7503

! The \’ indicates failure for the out-of-memory.
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extracted, so the two-layer decomposer is suitable for the present research object.

4.6. Self-attention analysis

Mixformer consists of an encoder and a decoder, in which the self-attention of the input data needs to be calculated. To verify the
effectiveness of the self-attention, Fig. 9 shows how the attention of the Encoder works during the prediction phase. As can be seen in
the heat map, each attention head is focused on a different spatiotemporal location. The parts with highlighted colors indicate the high
relevance of these time steps, and the parts with dark colors indicate that the attention does not focus on the information at these times.
The size of the self-attentive heat map is related to the time step of the input data. When the input step size is N, the size of the self-
attentive feature map is N x N. Both horizontal and vertical axes are sorted from 0 to N time steps. Each point in the heat map rep-
resents the correlation between the time steps represented by the current coordinates. In head 0, it can be seen that even though points
are often less relevant, there are many highlighted points at step 24. It indicates that the model pays more attention to the features of
these time points as the data passes through this attention layer. A multiple attention layer will allow the model to focus on different
time points. Even if the input is the same data, each attention head layer will extract different relevant features. Finally, the multi-
headed attention layer combines the features for output. Therefore, the performance of Mixformer in extracting data features is
improved with the multi-head attention mechanism, and the effectiveness of multi-head attention is verified.

5. Conclusion

The air-absorbed dose rate is a crucial nuclear radiation data indicator that provides a direct, rapid, and continuous measure of
environmental radiation levels. The amount of radiation exposure to humans and the environment increases with the rate of air ab-
sorption dose, which may raise the risk of cancer and other radiation-related disorders, as well as nuclear accidents and environmental
nuclear contamination. Therefore, accurate and rapid estimation of air-absorbed dose rates over long periods is critical for human
health and environmental protection. This study proposes the Mixformer model and two variants to predict long-time air-absorbed
dose rates using real-world data. It solves the problem of fast and accurate prediction of complex nuclear radiation data. The model
learns the spatiotemporal relationship between the air-absorbed dose rate and other factors through a multi-headed attention
mechanism. Furthermore, the seasonal and trend characteristics of the time-series data are resolved using a decomposer. The model’s
input variables contain ten observations, and the target output variable is the future air-absorbed dose rate. The mean MSE of the
Mixformer model for predicting the future air absorbed dose rate for 96 h at the input step of 96 h is 0.7317, which is better than the
SOTA model, including the Transformer class method and Linear class method. The study results show that the Mixformer model has a
better predictive capability for nuclear radiation data and can provide a basis for research at nuclear monitoring stations. In addition,
Mixformr’s long-term prediction of air-absorbed dose rates and the efficiency of its calculations can provide earlier warnings of nuclear
accidents and help people implement measures to reduce environmental damage.
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A APPENDIX.

A.1 EXPERIMENTAL DETAILS

A.1.1 DATASETS

To verify the generalizability of the model, we provide an additional set of experiments in the Appendix section. Different from the
dataset from the North Yangtze River station in the main text, the Beijing station has a smaller sample size and is, therefore, more
difficult to predict the air absorbed dose rate. In addition to that, the data collected at the Beijing station are affected by a different
climate. The monitoring stations provide both datasets. Therefore, they are reliable as experimental data.

A.1.1 RESULTS AND DISCUSSION

The experimental parameters were kept the same as in the text. Table 6 shows the experimental results. Overall, Mixformer
achieves the best prediction results in all tasks. Because of the small amount of data in Beijing Changchi Road station, other Trans-
former class models do not easily lead to GPU memory overflow. When predicting long-time results, the Transformer class model
predicts better than the linear class model. Taking the predicted length of 96 timestamps as an example, Mixformer outperforms other
Transformer-based algorithms by reducing MSE by 8.5% and MAE by 2.1%, compared to the best-performing Informer model among
them. Compared with DLinear, one of the linear-like methods, Mixformer improves MSE by 11.9% and MAE by 6.0%.

The specific prediction results are shown in Fig. 10, where we have selected the results with a prediction length of 96 time-stamps.
The Transformer class method and the LSTM fit the flat results, which is unsatisfactory. However, the linear class method predicts more
significant variation but inaccurate results. Mixformer combines the advantages of both and achieves the smallest MSE and MAE.
Figs. 11 and 12 show the trend of MSE and MAE variation with different prediction lengths. The MSE and MAE variation of Mixformer
is smoother compared to other methods.
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Fig. 10. Comparison of the predicted values of the air-absorbed dose rate with the actual values under different models at Beijing Changchi Road
Station. Where (a)-(h) are the predicted values of the comparison algorithm, and (i) is the predicted value of Mixformer. The input size of nuclear
radiation data is 96h, and the predicted length is 96h.
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