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Abstract: Accurate temperature prediction is essential for economic production and human society’s
daily life. However, most current methods only focus on time-series temperature modeling and
prediction, ignoring the complex interplay of meteorological variables in the spatial domain. In this
paper, a novel temperature prediction model (D3AT-LSTM) is proposed by combining the three-
dimensional convolutional neural network (3DCNN) and the attention-based gated cyclic network.
Firstly, the historical meteorological series of eight surrounding pixels are combined to construct a
multi-dimensional feature tensor that integrates variables from the temporal domain as the input data.
Convolutional units are used to model and analyze the spatiotemporal patterns of the local sequence
in CNN modules by combining them with parallel attention mechanisms. The fully connected layer
finally makes the final temperature prediction. This method is subsequently compared with both
classical and state-of-art prediction models such as ARIMA (AR), long short-term memory network
(LSTM), and Transformer using three indices: the root mean square error (RMSE), the mean absolute
error (MAE), and the coefficient of determination (Rz). The results indicate that the D3AT-LSTM
model can achieve good prediction accuracy compared to AR, LSTMs, and Transformer.

Keywords: temperature prediction; temporal and spatial characteristics; convolutional neural
network; attention mechanism; LSTM

1. Introduction

Climate change is closely linked to the socioeconomic activities of human society, such
as agriculture, transportation, and military operations. The increased frequency of natural
disasters caused by extreme weather events has been observed worldwide in recent years.
Thus, it is essential to establish an effective meteorological prediction scheme to avoid or
mitigate the socioeconomic damage of extreme weather on human society.

Time-series meteorological data consists of various weather measurements arranged
chronologically. This massive dataset often contains complex patterns and hidden informa-
tion that can be used to infer future weather conditions.

There are two main approaches for temperature prediction: physical models [1] and
data-driven models [2]. Physical models rely on the fundamental laws of atmospheric
science to simulate atmospheric fluctuations by considering factors like atmospheric dy-
namics, thermodynamics, and radiative transfer. However, these models often require
significant computational resources and time to run simulations. In contrast, data-driven
methods use historical data to learn the relationship between past observations and future
outcomes. These methods can capture internal temporal correlations within the data for
a specific period and use this information for predictions. Data-driven approaches rely
on large amounts of historical data and employ statistical models and machine learning
techniques to establish the connection between input (past observations) and output (future
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predictions). However, this method can only be analyzed from the perspective of time,
ignoring the complex role of meteorological variables.

With the increasing availability of observation data, the development of artificial
intelligence (AI) approaches in machine learning is enriching and promoting the appli-
cation of data-driven methods in meteorological prediction. Recurrent neural networks
(RNN) [3] are a powerful framework for spatiotemporal learning, making them well-suited
for modeling long-sequence correlations. Consequently, they have become a standard tool
for meteorological series prediction. Long short-term memory (LSTM) networks [4], a
special type of RNN, are particularly popular due to their ability to address the gradient
vanishing/exploding problem and the limited dependency modeling capability of tradi-
tional RNNSs. This is achieved by introducing a gating control mechanism. Y. Liu et al. [5]
successfully used LSTM model to predict exhaust gas temperature, achieving higher ac-
curacy. Similarly, Liu X. et al. [6] used LSTM to predict future temperature by feeding it
multiple long-time series meteorological elements (e.g., temperature) and achieved higher
accuracy compared to the RNN model.

Additionally, elements in the time series domain often interact with the spatial do-
main, and this interaction should be considered when designing prediction models. CNNs
(convolutional neural networks) use convolution operations to extract local spatial features
and scan the entire image to obtain global contexts. Researchers have begun to combine
CNNs and LSTMs to create hybrid models that can handle time series applications such as
weather prediction. Ham et al. [7] used a CNN network to predict the El Nifio phenomenon
1.5 years in advance. Their experiments demonstrate that CNNs are significantly better at
capturing global correlations compared to the most advanced dynamic prediction systems
currently available. Shi et al. [8] proposed a ConvLSTM network for radar echo extrapola-
tion. ConvLSTM replaces the multiplication operation in the LSTM unit with convolution
operations, allowing it to extract the high-dimensional spatial-temporal relationship of
meteorological data and improve prediction accuracy. Kim et al. [9] proposed a method that
combines a denoising autoencoder with ConvLSTM. The denoising autoencoder is used to
extract important features from marine weather data and reduce noise. ConvLSTM is used
in this method to capture the spatiotemporal dependence of the data. Their results show
that this method performs well in predicting key meteorological parameters such as ocean
surface temperature and wind speed. In conclusion, models that combine convolutional
neural networks and LSTMs can effectively extract deeper information from the data’s
spatiotemporal domain, leading to significantly improved prediction accuracy.

Furthermore, 3DCNNS learn information differences in spatial and temporal domains
simultaneously, which can mine deeper spatiotemporal dependency compared to tra-
ditional 2DCNNSs. Researchers have started to improve 3DCNN by integrating LSTM
networks for spatiotemporal temperature prediction. Wang et al. [10] introduced E3D-
LSTM to effectively capture the spatiotemporal dynamics in video data, by using 3SDCNN to
capture spatial information between video frames and using LSTM to extract and memorize
important temporal information in video sequences. This model can not only effectively
predict the next video frame but also capture the detailed video changes, thereby producing
high-quality video prediction.

Based on the analyses above, we can conclude that deep learning algorithms have
achieved good performance in temperature prediction tasks due to their unique structures
in modeling spatial and temporal dependency. Building upon traditional CNNs, 3DC-
NNs can model the local spatiotemporal range, thereby perceiving the deep evolution
patterns of multiple continuous local spatiotemporal information. LSTMs are particularly
effective at capturing long-term changes in time series data like temperature, especially
when provided with appropriate meteorological variables. Combining CNNs and LSTMs
in a single, hybrid model can fully explore the evolution laws of meteorological features
in the spatial-temporal domains. However, this hybrid model cannot reflect the atten-
tion to the key time steps, so it cannot make a more comprehensive decision. Therefore,
by introducing the attention mechanism, the paper proposes improvements to 3DCNN
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and LSTM architectures to comprehensively model the spatiotemporal factors that af-
fect the temperature sequence evolution, ultimately aiming to improve the accuracy of
temperature prediction.

Numerous temperature prediction methods have been proposed, but many suffer from
two primary limitations: their focus on a single time dimension and their neglect of internal
interactions between meteorological sequences. Additionally, these methods often lack
prediction schemes grounded in the internal evolutionary law of temperature. To address
these shortcomings, this thesis introduces a multidimensional super-vegetal structure that
incorporates time, space, and multiple meteorological variables as input features. This
structure serves as the foundation for a composite model combining 3DCNN and LSTM
networks. This model is designed to delve into the temporal and spatial relationships
within the input features, enabling accurate short-term single-day temperature predictions.

2. Related Theories and Methods

This study focuses on obtaining real-time traffic volume on each road section. We
achieve this by recording the number of vehicles entering and exiting specific road segments
at key road nodes like intersections with traffic lights and entrances to residential or work
areas. By establishing vehicle braking distance models, we can analyze the collected data
to provide accurate information on traffic flow. This information serves as a foundation for
developing effective recommendations for traffic dispersion and management.

2.1. The Definition of the Temperature Prediction Problem

Temperature prediction can be formulated as forecasting future temperature conditions
based on historical time-series data as input. Specifically, meteorological characteristics
at a given time t are represented by a vector F/, and a historical observation sequence
spanning t; time steps into the future can be denoted as X = {F!, F'*1, .. Fi*%i }. Given X
as input, the goal is to predict the future temperature Y = { Fiti+1 THH+2  THHithol of
a specific grid point. Here, t; and ¢, represent the lengths of the input and output sequences,
respectively. Since temperature T is a single variable, the output data is a one-dimensional
temperature sequence value.

In our approach, the input feature X is a four-dimensional tensor encompassing both
spatial and temporal information. The paper aims to enhance the accuracy of the output
sequence Y by developing a deep learning model [11].

Y = NN(X; Weight) (1)

where NN represents a neural network, which predicts the temperature series value Y
for the future ¢, time steps given the historical input data X, and Weight is the parameter
vector of the neural network.

2.2. Overview of the Spatiotemporal Temperature Prediction Models
2.2.1. 3DCNN

CNN s are one of the most prominent algorithms in deep learning. Hubel et al. [12]
pioneered the concept of convolutional operations in 1959 based on their observations of
how neurons in a cat’s visual cortex respond to various stimuli. The core principle behind
CNN:s lies in progressively extracting high-level features from input data through a stacked
architecture of convolutional, pooling, and fully connected layers. Both 2DCNNs and
3DCNNS s represent extensions of CNNs designed for spatiotemporal prediction tasks.

Traditional 2D convolutions are primarily suited for extracting spatial features from
two-dimensional data, such as images. However, in many real-world scenarios with
temporal context, like video frames, it’s crucial to consider both spatial and temporal
correlations within the data. Since traditional 2DCNNSs cannot capture correlations in the
time dimension, 3DCNNs were specifically designed to address this limitation. 3DCNNs
consist of convolutional layers, activation layers, pooling layers, and output layers [13].
They employ a 3D convolution kernel that performs a sliding window operation across three
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dimensions: width, height, and depth (representing time). This process allows 3DCNNs
to capture the significant patterns embedded within the 3D data space. Consequently,
3DCNNSs have found widespread applications in computer vision tasks such as image
recognition and motion capture. Similarly, in the context of spatiotemporal prediction tasks,
3DCNNSs can be leveraged to simultaneously extract features from both the spatial and
temporal domains, ultimately leading to improved prediction accuracy.

Equation (2) describes the 3DCNN convolution operation:

S1 52 S3
Xi,j,k = fconv (ano =0 2ao—0 wn,m,oxiﬂﬁm,kw + bm,n,o) (2)

where X; 1, i 1 k1o Tepresents the input matrix at the time step k + o, with row i + n and
column j + m; fyony represents the Relu activation function; wy, ;, , represents the value of
the convolution kernel at row n and column m at depth o; by, 4,0 is the bias; and s1, 52, 53
represent the size of the convolution kernel in height, width, and depth, respectively.

2.2.2. Attention Mechanism

The attention mechanism [14] is a valuable tool in deep learning, allowing models
to prioritize informative elements within a dataset while disregarding less relevant data
during input processing. This approach draws inspiration from the human visual sys-
tem’s ability to identify critical information within its field of view, filtering out hidden
information automatically.

Attention mechanisms can be categorized into self-attention, spatial attention, and
channel attention based on their internal structure. Squeeze-and-excitation networks
(SE-Nets) [15] are a prime example of channel attention. SE-Nets allow each channel to
incorporate information from the entire feature map by performing global pooling along
the channel dimension. This process generates channel weights that are then used to
re-weight the feature map, emphasizing important feature channels. This technique is
widely adopted [16-18] because it overcomes the limitation of convolutional layers, whose
receptive field can only capture local information. The core operation of SE-Net involves
evaluating channel importance through a two-step process: squeeze and excitation. The
squeeze operation utilizes global average pooling on the multi-dimensional feature map
for each time step, compressing it into a single real number. Equation (3) describes the
process, taking the 2D matrix as an example:

1 —w .
€z = @Zi:l Z?:l mz(i, ) (3)

where m, is the feature matrix of the channel z and c; is the value after global
average pooling.

The excitation operation comprises two stages: feature fusion and dimension recovery,
typically implemented using two fully connected layers:

n = sigmoid(fo(Swish(ficz))) 4)

The input c; is passed through the first full connected layer f;. The obtained result
is activated by the Swish function, followed by a second fully connected layer that nor-
malizes the output to a vector between 0 and 1. This process increases the dimension of
output weights are equal to the number of input feature channels, enabling the network to
dynamically learn channel-wise importance weights.

The scale operation performs element-wise multiplication between the normalized
weight vector n and the input feature map m;:

g=mzxn (5)

where g represents the output feature map after incorporating channel-wise importance and
n represents the normalized weight value, representing channel importance. Specifically,
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the higher the importance of m,, the closer the value of 7 is to 1 and vice versa; the lower
the importance, the closer the value 7 is to 0.

SE-Nets are frequently integrated with various network architectures, such as CNNs
and Transformers, to improve the model’s expression ability. By dynamically adjusting
channel weights, SE-Nets can emphasize informative feature channels while suppressing
less relevant ones.

2.2.3. LSTM Model

LSTMs [19] add the mechanism of memory unit and gate to the traditional RNNs.
The LSTM controls the information flow through three gating units: the forgetting gate
determines the extent to which the LSTM forgets the previous state information, while the
input gate determines the extent to which new information will be added to the memory
unit. The output gate generates updated output information according to the current input
and previous status. The whole process can be expressed as follows:

fi = sigmoid (wf[ht,l,xt] + bf) (6)

iy = sigmoid(w;[hs—1, x¢] + b;) (7)

C = ftCt,1 -+ it(tanh(wc [htfl, xt} + bc) (8)
o = sigmoid(w,[hs_1, xt] + bo) ©9)

hy = oitanhcy (10)

where x; represents the input at time f, and c;_1 represents the memory state at the previous
time t — 1; h;_; represents the hidden state at time t — 1 and ¢; is the memory state at time ¢;
h; represents the hidden state at time ¢; f;, i;, and o; represent the the forget gate, input gate,
and output gate, respectively, at the current time step t; wy, w;, w, and w, represent weight
matrices corresponding to each gate (forget, input, output, and cell, respectively); by, b;, bo
and b, represent bias for each gate and the cell state; and sigmoid and tanh represent the
activation functions used in the gating mechanism.

3. D3AT-LSTM Network

This paper proposes a new temperature prediction model (D3AT-LSTM) by combining
the 3DCNN and the gated cyclic network (AT) attention mechanism. Firstly, the historical
meteorological sequence of eight adjacent grid points of the target point is combined to
construct a multi-dimensional feature tensor as the input data, integrating time, space,
and multi-variable aspects. Secondly, the CNN modules combined with parallel attention
branches are constructed, in which the convolution unit analyzes the spatiotemporal
information of the local sequence, and the attention branch evaluates the importance of
the time channel. Then, LSTM is used to capture the long-term dependencies among
different sequences. Finally, the temperature prediction results are produced by the fully
connected layer.

The steps of constructing the D3AT-LSTM model are as follows:

1.  We use the supervoxel reconstruction to create meteorological features X as input.

2. The meteorological data X is fed to the 3DCNN module combined with the parallel
attention branch, in which the 3DCNN module handles the feature abstraction in
short terms. The standard 3DCNN model is challenging to handle issues that the
characteristics of abnormal fluctuations and the time characteristics adjacent to the
prediction stage are far more critical than that of the stationary stage in a continuous
time series domain.

3. We introduce the channel attention mechanism to deal with the feature importance
within the time series, in which all input features automatically learn the feature
weight according to the loss and multiply it element by element with the output of
the CNN module. By doing so, the model can focus on a specific time channel and
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extract high-dimension spatiotemporal features. This structure reduces information
redundancy and transforms the extracted fine-grained data into feature vectors with
multiple time steps.

4. The data of each time step is input into the LSTM, which captures the coarse-grained
dependencies of each time node in the long time series. Finally, the high-dimensional
vector integrating the characteristics of different dimensions was passed into the full
connection layer to produce the predicted temperature.

Figure 1 shows the structure of the D3AT-LSTM model, which is mainly composed of
input layers, 3DCNN layers combined with a parallel attention mechanism, and an LSTM
cycle neural unit. The framework of D3AT-LSTM is listed as Table 1.

D3AT-LSTM Framework ’ N jommromem e .
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Figure 1. D3AT-LSTM network.
Table 1. D3AT-LSTM framework.
3DCNN Input Size: Sx WxH Attention Branch Input Size: 2Sx WxH *
Kernel . Input Output . .
Layers Size Stride Channel Channel Operations Parameters Output Size
Convl 3x3x3 1 1 32 Repeat 64 25 x W x H x 64
Pooll 2x2x2 2 32 32 Average Pooling Global 25x1x1x64
Conv2 3x3x3 1 32 64 Squeeze 0.25 5 x1x1x64
Pool2 1x2x2 1x2x2 64 64 Excitation 4 2S5 x1x1x64
Cut 0.25 5x1x1x64

Output_Sizel Q: % X % X % X 64

Output_Size2 Qp: § x 1 x 1 x 64

letm =Q1 X Q2

Flatten Qistm = 1D Qispm
LSTM Module Output = LSTM(Qjstm)
FC temperature = FC(Output)

*2S is equal to I, in Figure 1. S is equal to [ in Table 1.

3.1. Local Spatiotemporal Information Extraction Based on 3DCNN

CNN s are good at extracting high-level features from data through their use of con-
volutional operations. This capability has led to their remarkable performance in image
processing tasks. In this work, we leverage supervoxel reconstruction to create meteorologi-
cal features Xy rrs with a consistent pixel shape S * H * W across all time slices Tr,;, where
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S is represented as time steps. This design captures both spatial and temporal correlations
within the data, which is crucial for accurate temperature prediction. Traditional 2DC-
NN are limited in their ability to analyze local time series dependencies within a specific
time slice Tyt (Tpart < TTot) due to the fact that the depth of their convolution kernel is
restricted to the number of channels in the input feature. In contrast, 3D convolutions can
simultaneously capture spatial and temporal (depth) characteristics, overcoming this limita-
tion. Therefore, we employ a 3DCNN architecture to perform spatiotemporal convolutions
on the tensors of the 3D feature cube Xy rrs. This cube is constructed by stacking multiple
consecutive feature matrices (Figure 2). This approach enables the network to capture the
inherent differences within the spatial and temporal dimensions concurrently.

| Convolution ] Relu

_________

. [ Batch Normalization B Pooling

ERAS Dataset B

Supervoxel
Reconstruction

3

Figure 2. 3DCNN blocks.

This network progressively extracts spatiotemporal features from the input data,
resulting in increasingly refined representations. As depicted in Figure 2, the convolutional
subnet comprises two primary components. The first component utilizes a 3 x 3 x 3
convolutional kernel with a stride of 1 and a 2 x 2 x 2 pooling layer with a stride of
2 to reduce dimensionality and downsample the data. The second component employs a
3 x 3 x 3 convolutional kernel with a stride of 1, followed by a 1 x 2 x 2 pooling layer
with a stride of 1 x 2 x 2 to filter out redundant information and downsample along
specific dimensions. Both components include a batch normalization layer and a ReLU
activation function to accelerate convergence and mitigate gradient issues. In the 3SDCNN
architecture, we utilize 3 x 3 x 3 kernels for the convolutional layers. The network includes
two convolutional layers and two pooling layers. The hidden units in the two convolutional
layers are set to 32 and 64, respectively. Each channel within the mechanism utilizes a
single attention head. Table 1 offers a detailed illustration of these details.

3.2. Importance Evaluation of Combining Parallel Attention Branches

In time series temperature prediction, increasing the time step typically necessitates the
inclusion of more historical data. Directly feeding this data into the network significantly
increases prediction difficulty. However, in the continuous time series domain, information
regarding abnormal fluctuations and adjacent moments holds greater importance compared
to stationary periods. Standard 3DCNN models struggle to capture this characteristic
effectively. We introduce a parallel channel attention branch based on the SE-Net within the
3DCNN module to address this limitation. This allows the network to assess the importance
of different time steps. Furthermore, to ensure a comprehensive analysis of importance
differences across time steps by the attention branch, we expand the sub-domain range of
the attention module. Based on the input sequence length I. of the convolution module,
the feature domain is expanded by %lc units on both the left and right sides, resulting in a
total expansion of I, = 2I; (Figure 3). This expansion enables the attention module to make
comprehensive decisions regarding feature importance for different time steps. SE-Net
primarily evaluates the significance of the time domain through squeeze and excitation
operations. For the input supervoxel information, the squeeze operation Fs ¢, performs
global average pooling across the spatial domain, compressing the features on each time
slice into a single real number. The excitation operation Frycjts+ion then utilizes a gating
mechanism to adaptively learn the importance of each channel in the time domain. This
process is applied in parallel with each convolution operation. The output weight sequence
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of SE-Net is selected based on the same time range as the input sequence of the convolution.
This weight sequence is then multiplied element-wise with the CNN output to obtain
weighted high-order spatiotemporal information at each time slice. It allows for a more
accurate perception of feature importance at the current stage compared to traditional
methods that dynamically construct the weight matrix based on input-output data.

)

I

Fgxtraction (W) \
—_— i

[1,1,0] Ll |
i

|

.  Attention Branches

Timestep Extractior\
\\

FScale(')

/
'
|
|
|
|
|
|
|
|
|

Figure 3. Convolution modules combined with parallel attention branch.

Each channel within the mechanism utilizes a single attention head. The weight
matrices associated with this attention are defined as % x 1 * 1. Table 1 offers a detailed
illustration of these details.

3.3. Long-Term Dependence Analysis with LSTM

CNNs equipped with attention mechanisms are good at extracting local spatiotem-
poral patterns from meteorological sequences. However, capturing the long-term global
dependencies within these sequences is crucial for temperature prediction. While RNNs are
adept at capturing the long-term dependencies of input features by modeling contextual
information, traditional RNNs suffer from vanishing and exploding gradients. This makes
it challenging for them to capture long-term dependencies in time-series meteorological
data effectively. Long Short-Term Memory (LSTM) networks are employed to address this
limitation. By introducing gating mechanisms, LSTMs prevent memory loss and gradi-
ent dispersion caused by longer step sizes. This enables them to effectively handle the
dependencies present in long-sequence data. In our proposed approach, the fine-grained
spatiotemporal features extracted by the CNN modules are fed forward to the LSTM unit.
This step allows the LSTM to further extract the global, generalized relationships within the
time series sequence. By fusing both coarse-grained and fine-grained features, the LSTM
comprehensively describes the temporal relationships in the data.

In our approach, the high-dimensional features extracted from multiple time steps
by the sub-CNNs are reshaped into one-dimensional vectors for each time step. These
vectors are then fed as input to the corresponding time steps of the LSTM unit. The LSTM
unit utilizes forget and input gates to manage its internal state. The forget gate determines
the extent to which information from the previous sequence state is retained, while the
input gate controls the degree to which new feature information is incorporated into the
memory unit. By combining these gates, the LSTM continuously updates its hidden state.
This allows the LSTM to dynamically adjust its internal structure to better capture the
inherent structure of the meteorological time series. Consequently, the model can exploit
long-term dependencies within the data, leading to improved prediction accuracy. The
LSTM network incorporates two hidden layers, with each layer having a hidden size of 32
and 64, respectively.
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4. Experiments and Results
4.1. Datasets

The ERA5 [20] global meteorological dataset, provided by the European Centre for
Medium-Range Weather Forecasts (ECMWF), was employed in this study. Data from
1979 to the present were extracted at a spatial resolution of 0.25° x 0.25° and a temporal
resolution of 1 h. This paper focuses on the Yellow River Basin (defined by 95° E~112° E,
32° N~42° N) and utilizes the dataset from 2018 to May 2023 at the standard air pressure of
1000 hPa. Meteorological variables with strong correlation with temperature can well reflect
the change of temperature [21]. In this paper, the size of Spearman correlation coefficient
is used as the screening basis. Six meteorological elements [22-27] (evapotranspiration e;,
zonal wind speed sp,, meridional wind speed v;, atmospheric pressure sp,, total precipita-
tion tp, and relative humidity hr) commonly used in the field of temperature prediction
and air temperature are used as input variables to observe the Spearman coefficient of air
temperature variables. As shown in Figure 4, the correlation coefficients for meridional
wind speed v; and evapotranspiration ¢; are 0.399 and 0.289, respectively, indicating a
strong positive correlation with air temperature. Meanwhile, zonal wind speed sp, and air
pressure u; also exhibit a certain influence on air temperature, with correlation coefficients
of 0.132 and 0.116, respectively. The correlation coefficients of total precipitation tp and rela-
tive humidity hr are lower than 0.05, so these two variables were not considered. Therefore,
meridional wind speed v;, zonal wind speed sp,, evapotranspiration e;, and air pressure u;
were selected as the key variables for predicting air temperature T; in this study.

Correlation Coefficients with Air Temperature

0. 35

0. 30
0. 25
0. 20

0. 15

Correlation Coffeicients

0.10 4

0.00 T T T T T T T
u, sp, e, v,

Meteorological Variables

Figure 4. Correlation coefficient between meteorological characteristics and air temperature.

First, we clean up the obtained meteorological data and fill in the missing data with
data from the last time step. Since the meteorological characteristics have different numer-
ical regions, the network normalizes the feature of the meteorological dataset by using
the linear Min-Max scaling function before feeding it into the network to accelerate the
network convergence for obtaining the optimal solution.

The ERAS dataset used in this paper is a network unit arranged according to a certain
spatial resolution, and each unit has a corresponding unique meteorological value. In order
to make the model fully consider the complex influence characteristics in time and space,
the model incorporates its eight neighboring spatial points to predict the temperature at
a specific point (Figure 5), effectively fusing the meteorological characteristics within the
spatial-temporal domain as the subsequent input data. First, the meteorological elements
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at a given time ¢ for the station are represented as temperature T;, zonal wind speed u;,
meridional wind speed v;, air pressure sp,, and evapotranspiration e;. Through data re-
construction, a 2D matrix is formed in each time step. The size is H * W, where W = 9
represents the number of points and H = 5 represents the input features. To ensure compat-
ibility with the 3DCNN data input format, the model first expands the channel dimension
C = 1in the second dimension. This transforms the original meteorological data into a
multi-dimensional tensor C * H * W for each time step. Subsequently, the network employs
a sliding window with a size of S = 144 (the time series length of the input), dividing
the data into multiple features with overlapping sequences. Finally, the input features are
expressed as a four-dimensional tensor X;rrs with the shape of C * S« H * W. Xjyrrs is a
supervoxel [18] structure that integrates time space multi meteorological variables. In this
paper, it is used as the input of the follow-up network, so that the follow-up model can pay
more attention to the internal and external complex spatiotemporal elements acting on the
temperature. The process of supervoxel reconstruction of meteorological features is shown
in Figure 5.

Window Size: § = 144

o o0 o
o e o

Spout Data cleaning & shufflin

® Target coordinate point O  Adjacent coordinate points

Figure 5. Supervoxel reconstruction process of meteorological characteristics.

4.2. Experiment Setup and Validation
4.2.1. Experiment Environment

Table 2 illustrates the experimental environment for this study.

Table 2. Experiment environment.

Name Version
0S Windows 10
Language Python 3.7
GPU NVIDIA GeForce GTX 1080 GPU
Framework PyTorch 1.4
Graphic Card 32G

4.2.2. Model Validation

To evaluate the effectiveness of the D3AT-LSTM model, we compared it with sev-
eral state-of-the-art and classical temperature prediction methods, including ARIMA [28],
LSTM-AE [29], Transformer [30], ConvLSTM [31], TCN-LSTM [32]. ARIMA serves as an
example of a traditional machine-learning algorithm. LSTM-AE and Transformer repre-
sent purely deep learning approaches. ConvLSTM and TCN-LSTM are hybrid networks,
allowing us to compare network performance across various architectures.

Before prediction, we preprocessed the input data to match the specific requirements
of each model’s architecture. ARIMA determines the model order and other parameter
information through multiple iterations of historical data to fit the trend of temperature
values. LSTM-AE integrates an Auto-Encoder (AE) with LSTM to extract features and
reconstruct the input sequences. Transformer, equipped with a self-attention mechanism,
allows the model to focus on important parts of the sequence. The input data for Trans-
former is a two-dimensional sequential structure defined by time and variables. ConvLSTM
applies convolution operations in the spatial domain and LSTM operations in the temporal
domain. The input for ConvLSTM is a two-dimensional temperature matrix arranged by
time sequence. The TCN structure introduces dilated convolution and residual connections
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to capture long-term dependencies within the 1D convolutional neural network. In temper-
ature prediction tasks, the data dimension at each time step corresponds to the number of
variables included at that specific time.

4.2.3. Parameter Setting and Evaluation Index

Meteorological data from 2018 to 2022 was used as the training set, while data from
2023 was employed as the test set. The model utilized a meteorological sequence from
the past 144 h (six days) as input to predict the temperature for the next 24 h. During
the training process, the model underwent 1000 iterations to arrive at the final network
architecture. Feeding the input data through the first two layers (the convolutional layer
and the pooling layer) resulted in channel numbers of 32 and 64, respectively. To expedite
network convergence, a BatchNorm3D normalization layer and a Relu activation function
were added after each convolution layer. The network was optimized using the Adam
optimizer. After adjusting parameters, training parameters included 100 epochs and a batch
size of 128. In order to learn the features more deeply, the hidden layer in LSTM is 2 and
hidden size is set as 32 and 64 in both hidden layers. The initial learning rate was set to 0.01,
with a decay mechanism that reduces the learning rate as the number of training rounds
increases. Additionally, dropout regularization with a rate of 0.3 was employed. Finally, a
fully connected layer with the output size is 24 to predict temperatures and then compared
with the ground truth. The root mean square error (RMSE), mean absolute error (MAE),
and coefficient of determination (R%) were used to evaluate the prediction performance
of each model. Mean absolute error (MAE) represents the mean absolute error between
the ground truth and the predicted value. The root mean square error (RMSE) is used to
represent the square root after the square average of the difference between the ground
truth value and the predicted value to measure the standard deviation of the prediction
error. The coefficient of determination R? is used to measure the degree of fit of the model
to the input data. Generally, the closer its value is to 1, the better the fitting effect of the
model. In addition, we created index I to comprehensively evaluate the performance of the
model. The MAE, RMSE, R2, and I calculation formula are as follows:

MAE = 3" [y — i 1)
RMSE =/ 13" (y; ) (12)
© =gl ®

where n represents the sample numbers (in the test set, n = 24); y; represents the ground
truth and 7 is the predicted value; and i represents the mean of ground truth.

4.3. Experiment Results
4.3.1. Accuracy Evaluation of Comparative Experiment

To increase the robustness of the experimental results and observe the prediction
difference over different spaces, we selected five coordinates representing different spatial
positions on behalf of the different locations in research area. Each point is combined with
the adjacent eight points to roughly assess the model prediction over the whole study
area, recorded as station1 (34.5° N, 103° E), station2 (34.5° N, 111° E), station3 (37° N,
107° E), station4 (39.5° N, 103° E), and station5 (39.5° N, 111° E), respectively (Figure 6).
We obtained the hourly temperature of five stations by averaging the prediction of different
methods, and acquire the 24-h prediction accuracy (Table 3 and Figure 7).
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Figure 6. Search area of Station1-5.
Table 3. The 24-h average accuracy of the comparative experiment.
Station
Models Accuracy
Index 1 2 3 4 5 Avg.
MAE 1.7127 1.7068 1.6980 1.7029 1.7103 1.7061
AR RMSE 2.2438 2.2187 2.0452 2.0547 2.2389 2.1602
R? 0.9468 0.9475 0.9484 0.9477 0.9471 0.9475
I 0.2463 0.2502 0.2730 0.2695 0.2473 0.2572
MAE 1.6327 1.6182 1.6225 1.6275 1.6323 1.6266
LSTM-AE RMSE 2.1207 2.0648 2.0780 2.0789 2.0961 2.0877
i R2 0.9522 0.9530 0.9527 0.9524 0.9520 0.9524
I 0.2750 0.2852 0.2825 0.2814 0.2782 0.2804
MAE 1.5711 1.5661 1.5674 1.5692 1.5729 1.5693
T f RMSE 2.1237 2.0804 2.0175 2.0207 2.1068 2.0698
ranstormer R? 0.9583 0.9588 0.9593 0.9596 0.9585 0.9589
I 0.2871 0.2942 0.3033 0.3026 0.2892 0.2952
MAE 1.5361 1.5347 1.5294 1.5209 1.5320 1.5306
RMSE 2.0637 2.0320 2.0163 1.9332 2.0964 2.0283
TCN-LSTM R2 0.9640 0.9650 0.9652 0.9656 0.9642 0.9648
1 0.3040 0.3098 0.3129 0.3284 0.3002 0.3110
MAE 1.4841 1.4736 1.4513 1.4524 1.4913 1.4705
C LSTM RMSE 1.9837 1.9780 1.8361 1.9358 1.9841 1.9435
onv R? 0.9660 0.9669 0.9678 0.9673 0.9659 0.9667
I 0.3281 0.3317 0.3631 0.3440 0.3264 0.3386
MAE 1.3543 1.3268 1.2685 1.3199 1.3263 1.3191 *
RMSE 1.8126 1.7420 1.6838 1.7447 1.7420 1.7450
D3AT-LSTM R 0.9670 0.9697 0.9717 0.9698 0.9698 0.9696
I 0.3939 0.4195 0.4549 0.4211 0.4197 0.4212
MAE 1.5485 1.5377 1.5308 1.5321 1.5410
Avg. RMSE 2.0513 2.0176 1.9512 1.9712 2.0440 -—
R? 0.9590 0.9601 0.9608 0.9604 0.9596 -—-
I 0.3019 0.3094 0.3216 0.3180 0.3046

* Bold indicates that our algorithm has the best performance compared with other algorithms.
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Figure 7. The accuracy of comparison experiment per hour.

The results demonstrate stable and generalizable predictions across different stations,
which is likely due to the model’s incorporation of the entire spatial domain (Figure 7 and
Table 3). Station3, located in the center of the study area with moderate temperatures,
exhibits strong model generalizability. This highlights the benefit of incorporating informa-
tion from neighboring locations for improved prediction accuracy. Among the different
methods, TCN-LSTM and ConvLSTM outperform single-model approaches like AR and
LSTM-AE. The relatively strong performance of ConvLSTM suggests that this hybrid net-
work effectively combines the strengths of CNNs and RNNs to capture both spatial and
long-term temporal dependencies, leading to improved prediction accuracy. Furthermore,
considering the entire time sequence, the ConvLSTM model surpasses other methods in
terms of MAE, RMSE, and R? at the first and second time steps. This may be due to the
small difference between local sequences in short-term prediction, ConvLSTM uses convo-
lution operation in the LSTM structure to mine the overall spatiotemporal information and
improve the prediction accuracy. Compared to the traditional AR, the D3AT-LSTM model
achieves a reduction of approximately 0.4 in both MAE and RMSE, while R? is improved
by more than 2% across the entire time series. Additionally, compared to LSTM-AE and
Transformer sequence networks, the ConvLSTM model reduces MAE and RMSE by over
0.25 and 0.3, respectively, and increases R? by more than 1.3%. Moreover, compared to
ConvLSTM and TCN-LSTM, the D3AT-LSTM model demonstrates significantly improved
accuracy in the remaining time steps. When the time step increases, the error remains low
and stable, indicating that the D3AT-LSTM method proposed in this study exhibits superior
performance in 24-h short-term temperature prediction compared to other models.

To further illustrate the effectiveness of the D3AT-LSTM method, we present a case
study focusing on 1 March 2023. A heatmap visualization is used to (Figure 8) compare
the predicted 24-h average temperature distribution with the average actual temperatures
observed on that day. The results reveal that our proposed method offers a more de-
tailed representation compared to other approaches. This translates to greater sensitivity
in capturing local temperature variations. This suggests that the D3AT-LSTM method
effectively predicts future temperature distributions and provides robust long-term fore-
casts. However, a limitation of the method lies in its ability to predict extreme local
values. This can likely be attributed to the inherent uncertainties associated with long-term
temperature predictions.

In this paper, all experiments were completed using a 64-b Intel Core CPU i7-6900 k
@ 3.20 GHz and NVIDIA GeForce GTX 1080 GPU. Table 4 shows the comparison of the
training and testing time of the proposed D3AT-LSTM and the other five algorithms. It can
be seen from the table that Transformer has the longest training time, which may be caused
by its more complex model structure and higher computational complexity. As usual,
neural networks are more time-consuming than traditional algorithms, because there are
many parameters for network design optimization. Although the proposed D3AT-LSTM
takes several hours, these training time can fully mine the temporal and spatial information
and provide better feature representation for temperature prediction. In addition, the time
in the test phase is short because there is no back propagation of the model in this phase.
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Figure 8. Thermal distribution of temperature predicted by each model.

Table 4. The running time comparison.
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Models Training (s) Test (s)
AR 3540 1.3
LSTM-AE 6953 9.3
Transformer 16,861 24.2
TCN-LSTM 8930 10.9
ConvLSTM 10,908 13.5
D3AT-LSTM 11,244 16.8
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4.3.2. Accuracy Evaluation of the Ablation Experiment

Ablation experiments were conducted to verify the effectiveness of each module in
D3AT-LSTM by controlling specific variables in Table 5 and Figure 9. In the IDCNN-LSTM
model, only the target site’s temperature variable at each time step was used as input.
The 2DCNN-LSTM model incorporated the historical meteorological sequence of both the
target site and the eight surrounding sites to assess the impact of supervoxel inclusion on
prediction accuracy. The 3DCNN-LSTM model was used to evaluate the effectiveness of
local convolution in the time dimension. Finally, the D3AT-LSTM model was used to verify

the effectiveness of attention mechanism.

Table 5. Accuracy of 24-h mean temperature prediction in ablation experiment.

Models A;;‘éiicy Stationl Station2 Station3 Station4 Station5 Avg.
MAE 1.6571 1.6493 1.6283 1.6432 1.6511 1.6458
1DCNN- RMSE 2.2129 2.1356 2.0845 2.1037 2.1844 2.1442
LSTM R? 0.9525 0.9529 0.9538 0.9532 0.9527 0.9530
I 0.2597 0.2705 0.2810 0.2757 0.2641 0.2702
MAE 1.5519 1.5472 1.5449 1.5462 1.5495 1.5479
2DCNN- RMSE 2.0988 2.1071 2.0961 2.1001 2.1121 2.1028
LSTM R? 0.9580 0.9588 0.9595 0.9590 0.9582 0.9587
I 0.2941 0.2941 0.2963 0.2953 0.2928 0.2945
MAE 1.4815 1.4783 1.4743 1.4757 1.4775 1.4774
3DCNN- RMSE 2.0192 2.0157 1.9881 2.0116 2.0123 2.0093
LSTM R? 0.9654 0.9678 0.9695 0.9690 0.9670 0.9677
I 0.3227 0.3248 0.3308 0.3264 0.3252 0.3260
MAE 1.3543 1.3268 1.2685 1.3199 1.3263 1.3191 *
RMSE 1.8126 1.7420 1.6838 1.7447 1.7420 1.7450
D3AT-LSTM R? 0.967 0.9697 0.9717 0.9698 0.9698 0.9696
I 0.3939 0.4196 0.4549 0.4211 0.4198 0.4219
MAE 1.5112 1.4937 1.4791 1.4962 1.5011 -
Avg. RMSE 2.0358 2.0001 1.9631 1.9900 2.0127 -
R? 0.9607 0.9623 0.9636 0.9627 0.9619 -
I 0.3123 0.3221 0.3319 0.3233 0.3184
* Bold indicates that our algorithm has the best performance compared with other algorithms.
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Figure 9. Accuracy curve of predicted accuracy at each time step of ablation experiment.

In the ablation experiment, the effectiveness of the D3AT-LSTM design idea and
implementation method has been proven by controlling a single variable.

5. Summary
5.1. Conclusions

In this paper, we proposed a D3AT-LSTM method to predict daily temperature in
the Yellow River Basin. This method utilized the ERAS reanalysis meteorological dataset
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as the benchmark. To predict the temperature at target sites, we combined the historical
meteorological sequence of the surrounding area. This combined data, containing both
spatial and temporal information, is reconstructed as input data. The D3AT-LSTM method
then captures the spatiotemporal features of this input data. A 3DCNN extracts deeper
spatiotemporal features between local sequences, while a parallel attention mechanism
assesses the importance of the time dimension. The features at each time step are then fed
into the LSTM to capture long-term dependencies within sequences, ultimately predicting
the temperature for the next 24 h. The results demonstrate that this method achieves higher
prediction accuracy than other methods. Finally, the proposed D3AT-LSTM framework
proves effective for studying the effect of a single variable.

5.2. Further Perspective

In terms of temperature prediction in a short time range, the amount of data is rela-
tively small, and D3AT-LSTM can greatly improve the accuracy of prediction. However, it
should be noted that this paper discusses the problem of short-term temperature prediction.
With the passage of time, the temperature presents a complex evolution law. Therefore, in
the future research, it is necessary to pay more attention to the internal characteristics of
the temperature, such as seasonal changes, so as to improve the robustness of the model in
the long-term temperature prediction.
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