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SUMMARY: Accurate temperature prediction is an important support for meteorological
business automation, agricultural disaster defense and urban fine operation. In this paper, a
temperature prediction model based on convolutional neural network and gated recurrent unit
is proposed. The multivariate time series samples are constructed by using the hourly
meteorological observation data of multiple stations in Jilin Province. The model takes
temperature, relative humidity, air pressure, wind speed, wind direction, precipitation,
sunshine duration and time period encoding as input, extracts the local meteorological
combination features in a short time window through CNN, and then captures the time series
dependence in day and night variation, cold and warm conversion, and continuous
temperature evolution by GRU. The experimental results show that the proposed model
achieves 0.56°C MAE, 0.82°C RMSE, 4.31% MAPE and 0.962 R?, which is better than
ARIMA, SVR, LSTM, CNN-LSTM and Transformer methods. The model has both prediction
accuracy and computational efficiency, and can provide data-driven support for hourly
temperature correction, short-term forecast product generation and regional meteorological
services.

KEYWORDS: Convolutional neural network; Gated recurrent unit; Temperature prediction;
Multivariate time series

1 Introduction

Temperature is a basic variable in meteorological forecast, agricultural production scheduling,
urban operation management and public security services. With the continuous improvement
of automatic weather stations, reanalysis data and ground observation networks, temperature
prediction has gradually shifted from single historical series extrapolation to multi-source
meteorological data driven modeling process. Temperature change has obvious multivariate
time series characteristics in nature. Temperature, humidity, air pressure, wind speed,
precipitation, solar radiation and other variables do not exist in isolation, but jointly affect
near-surface heat exchange and local meteorological state on different time scales. Therefore,
how to extract effective features from continuous meteorological observation data and
describe the relationship between short-term fluctuations and phased trends has become a key
link to improve the accuracy of temperature prediction.

Traditional statistical models have good interpretability in stationary series analysis, but
their feature expression ability is relatively limited when facing nonlinear fluctuations, abrupt
weather processes and multivariate coupling relationships. In recent years, deep learning
methods have been widely used for meteorological time series prediction. The convolutional
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neural network can extract the slope of temperature change, the combination relationship of
adjacent variables and short-term disturbance features from the local time window. Gated
recurrent unit is suitable for dealing with sequence dependence, and can retain historical
information through update gate and reset gate, so as to alleviate the gradient attenuation
phenomenon in long sequence training. The combination of CNN and GRU can make the
model take into account both local meteorological feature recognition and continuous
time-dependent modeling, which is more suitable for data tasks such as temperature
prediction with periodicity, nonlinearity and regional differences.

Focusing on the improvement of temperature prediction accuracy and business availability
requirements, this paper constructs a temperature prediction model based on convolutional
neural network and gated recurrent unit. The model takes the multivariate meteorological
observation series as input, constructs the sample through the sliding window, extracts the
local meteorological change pattern by CNN, and then captures the dynamic association
between different times by GRU, and finally outputs the temperature forecast value of the
future time. This method not only focuses on the linkage changes of meteorological elements
in a short time, but also retains the trend information in the historical temperature series,
which provides computer model support for the meteorological data center to carry out fine
prediction, automatic product generation and forecast correction.

The rest of this paper is arranged as follows: Section 2 combs the related research on
temperature prediction and deep learning time series modeling. Section 3 introduces the
meteorological multivariate sample construction method and the CNN-GRU network
structure. Section 4 gives the data source, preprocessing process, evaluation index and
ablation experimental results. Section 5 discusses the model comparison, time complexity,
deployment expansion and meteorological business value. Section 6 summarizes the research
conclusions and proposes directions for subsequent improvements.

2 Related Research

Although temperature prediction is a typical meteorological time series prediction task, its
modeling difficulty is not low. Near-surface temperature is affected by solar radiation,
humidity, air pressure, wind speed, terrain underlying surface, and weather system movement.
The observation series contains not only diurnal and seasonal cycles, but also sudden
fluctuations caused by cold air activity, precipitation process, and urban heat island effect.
Different from univariate stationary series, meteorological data usually have nonlinear, lag
and multivariate coupling characteristics. If the model cannot identify short-term disturbances
and continuous trends at the same time, the prediction results are easy to deviate in extreme
warming, cooling and large temperature difference between day and night. Therefore, the
research on temperature prediction has gradually shifted from traditional statistical modeling
to data-driven methods, and further developed into deep learning and hybrid neural network
models.

In the research of deep learning temperature prediction, recurrent neural network and its
improved structure have been used to process continuous meteorological series earlier.
Uluocak and Bilgili used LSTM-CNN and GRU-CNN models to carry out daily temperature
prediction, and the results show that the combination of convolution structure and gated
recurrent structure can enhance the extraction ability of temperature change patterns [1].
Pangaribuan et al. compared LSTM and LSTM-GRU structures based on two-year
meteorological data, and pointed out that the gating mechanism has a good role in
maintaining the historical dependence in the temperature series [2]. Faulina et al. constructed
an LSTM temperature prediction system and proved that long short-term memory network
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was superior to traditional shallow model in temperature trend learning [3]. Saleem et al.
further integrated the optimized LSTM and GRU into a temperature and humidity prediction
model, so that the model could obtain more stable error performance under the condition of
multivariate input [4]. These studies illustrate that a single cyclic structure is capable of
handling temperature time dependence, but it still has shortcomings in local feature extraction
and multivariate short-term disturbance identification.

Temperature change is not only time-dependent, but also affected by spatial differences
and regional climate background. Tran et al. proposed a spatio-temporal temperature
prediction method based on domain adaptation of deep neural network, which incorporated
regional differences into the model transfer process and provided ideas for cross-site
prediction [5]. Shah et al. used functional autoregressive method to predict short-term
temperature, which has strong statistical interpretation, but limited expression ability for
complex nonlinear changes [6]. Matlani and Shukla used the deep learning algorithm of
hyperparameter optimization to predict the maximum temperature, and showed that the choice
of network parameters would significantly affect the prediction stability [7]. Teixeira et al.
combined LSTM with genetic algorithm to improve the parameters of weather prediction
model with intelligent optimization method [8]. Zenkner and Navarro-Martinez proposed a
lightweight deep weather prediction model, emphasizing the application value of the model in
the environment with limited computing resources [9]. Venkatachalam et al. constructed an
improved data-driven hybrid weather prediction model, which shows that the fusion of deep
structure and traditional time series idea can improve the robustness of weather prediction
[10].

With the increase of meteorological observation data scale, attention mechanism, feature
fusion and multi-model collaboration have gradually become the research focus. Suleman and
Shridevi proposed a LSTM short-term weather prediction model based on spatial feature
attention, so that the model could pay more attention to key meteorological variables [11].
Shrivastava et al. took the temperature prediction of New Delhi as an example to verify the
adaptability of deep learning models in urban temperature series [12]. Sharma et al. analyzed
the time series prediction of monthly average temperature and showed that the model
structure should match the prediction target under different time scales [13]. Essa et al.
applied deep learning to thunderstorm intensity prediction in remote sensing weather data,
reflecting the extended ability of deep models in complex meteorological element recognition
[14]. Faraji et al. proposed 3D CNN-GRU model to predict urban PM2.5 concentration.
Although the research object is not the temperature, the modeling idea of "convolution to
extract local structure and GRU to capture time dependence™ has reference significance for
meteorological environment sequence prediction [15].

In addition to temperature prediction, wind speed, precipitation and agrometeorological
prediction studies also provide a reference for the model design in this paper. Shirzadi et al.
combined recurrent neural network with numerical weather prediction information for urban
wind power prediction, reflecting the trend of the fusion of data-driven models and external
meteorological data in meteorological prediction [16]. Barig et al. proposed a robust
intelligent model for the nonlinear dynamics of wind speed, indicating that extreme
fluctuation scenarios require stronger nonlinear expression capabilities [17]. Abebe and
Endalie predicted monthly precipitation in the absence of complete climate data, emphasizing
the adaptation ability of the model to incomplete meteorological data [18]. Peeriga et al.
introduced Bi-LSTM and loT data into agricultural real-time rainfall prediction, indicating
that multi-source sensor data has become an important input for meteorological prediction
[19]. Nandi et al. proposed an attention-based long-term temperature prediction network,
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proving that the attention mechanism helps to identify the key time segments in the long-term
temperature series [20]. Alomar et al. carried out data-driven temperature prediction for
continental climate regions, and further showed that regional climate characteristics would
affect the generalization effect of the model [21]. Subair et al. used GRU to predict the
minimum temperature and verified the effectiveness of GRU in temperature sequence
modeling [22]. Akilan and Baalamurugan proposed the GRU-CNN weather prediction and
field monitoring model combined with 10T, which provides a basis for the real-time

application of weather prediction models in agricultural scenarios [23].

Table 1: Overview of research related to temperature prediction

Study Model Method Research Object Evalua_tlon Main Limitations
or Data Type Metrics
Daily Insufficient discussion
Uluocak and | LSTM-CNN, P
Bilgili [1] GRU-CNN temperature RMSE, MAE of multljstayon
series generalization
Two-year Short data period and
Pangaribuan LSTM, R limited
etal. [2] LSTM-GRU meteoro_log|cal RMSE, MAE extreme-weather
observation data
samples
: Insufficient extraction
Faulina et LSTM Tgmperature MSE, RMSE of local disturbance
al. [3] prediction system
features
Optimized Complex model
Saleemetal. | LSTM-GRU Tempgrgture and MAE, RMSE structure and high
[4] ensemble humidity data
deployment cost
model
Deep network __ ) .
Tran et al. domain Spatiotemporal lelteq lightweight
. RMSE, MAE | application for regular
[5] adaptation temperature data . i
operational stations
model
Attention-based
Nandi et al long-term Long-term High computational
[20] ' temperature temperature MAE, RMSE | cost for long-sequence
prediction series training
network
Subair et al. GRU Minimum RMSE, Il_gg:l ?:;S%ngftlf;éggﬂ
[22] temperature data MAPE module

As shown in Table 1, the temperature prediction methods have formed a situation of

parallel development of statistical models, traditional machine learning, recurrent neural
networks, attention networks and hybrid deep models. The statistical model is easy to
interpret, but it is difficult to fully express the nonlinear coupling of temperature change.
Single machine learning model relies on artificial features, and its generalization ability is
limited when facing multi-variable meteorological series. Recurrent structures such as LSTM
and GRU can model historical dependence, but it is easy to ignore the combination changes of
variables in a short time window. CNN can extract local patterns, but it is insufficient to grasp
the long-term temporal association when used alone. Therefore, combining the local feature
extraction ability of CNN with the time series memory ability of GRU is more in line with the
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modeling requirements of "local disturbance identification” and “continuous trend
maintenance" coexisting in temperature prediction.

Based on the above analysis, this paper focuses on the following issues:

(1) How to effectively extract the local combination changes of temperature, humidity, air
pressure, wind speed and other variables from multivariate meteorological observation data;

(2) Whether the CNN-GRU hybrid structure is better than the single CNN, GRU, LSTM
and traditional machine learning model in temperature prediction;

(3) Whether the model can form a better balance between prediction accuracy,
computational complexity and meteorological service deployment.

To solve these problems, this paper constructs a CNN-GRU temperature prediction model,
organizes the multivariate meteorological series in a sliding window manner, extracts
short-term local variation features through the convolutional layer, and then uses GRU to
capture the time dependence. The experimental part is compared with the baseline model. The
design not only responds to the problem of insufficient local feature extraction in existing
research, but also considers the actual needs of deployable, scalable and stable operation of
the model in meteorological business.

3 Construction of temperature prediction model based on
convolutional neural network and gated recurrent unit

The construction of temperature prediction model needs to deal with two problems at the
same time: one is the local coupling relationship of multiple meteorological variables in the
same time window, and the other is the continuous dependence of temperature series over
time. Convolutional neural network is suitable for capturing variable combination features
from local Windows, such as short-term cooling signals under the joint action of humidity
increase, air pressure decrease and wind speed change. The gated recurrent unit can retain the
effective historical state through the gated structure, which is suitable for describing the time
series memory in the process of day and night temperature difference, cold and warm air
conversion and continuous warming. Compared with using CNN or GRU alone, the
CNN-GRU structure can combine local feature extraction with time-dependent modeling to
reduce the impact of manual feature selection on prediction results.

The temperature prediction model constructed in this paper is based on hourly observation
data of ground weather stations, and variables such as temperature, relative humidity, air
pressure, wind speed, wind direction, precipitation and sunshine duration are organized into
multivariate time series. In the feature end, CNN is used to extract the local meteorological
change pattern in a short time segment. In the time series end, GRU is used to learn the
dynamic relationship between different observation times and output the temperature value at
the future target time. The overall process is shown in Figure 1.
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Figure 1: Overall flow chart of CNN-GRU temperature prediction model

3.1 Meteorological multivariate feature extraction and time-series sample
construction

Meteorological multivariate feature extraction and time series sample construction are the
basis for the stable operation of CNN-GRU model. Hourly meteorological observation data
usually have problems such as variable dimension differences, missing measurement records,
local outliers and uneven timestamps. If they are directly input into the network, the training
process will be biased towards variables with large numerical ranges, and the learnability of
the temperature change law will be weakened. Therefore, in this paper, the observed data are
unified and sorted before model training, and different meteorological elements are converted
into feature sequences with the same time granularity. Let the multivariate observation series
obtained in continuous time from a meteorological station be as follows.

X = {X1,Xp, e, X1}, Xt = [T, He, P, Wi, Dy, Ry, S¢] (1)

where, T, represents the temperature at time t, H, represents the relative humidity, P,
represents the pressure, W; represents the wind speed, D, represents the wind direction, R;
represents the precipitation, S; represents the sunshine duration, and T is the length of the
observation sequence. Because the wind direction belongs to the periodic type variable, the
direct use of the Angle value is easy to cause the problem that 0“and 360 “are numerically far
away. In this paper, the wind direction is converted into sine and cosine components to make
it more suitable for neural network learning:

D{IM = sin (—ﬂDt> DSOS = cos (—) (2)
¢ 180/"

After transformation, the input variable of the model is extended from the original wind
direction Angle to two continuous features, which can express the wind direction change more
smoothly. For continuous variables such as temperature, humidity, air pressure and wind
speed, the max-min normalization method is used to deal with the differences between
different dimensions, so that each variable is mapped to a uniform numerical interval.
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(3)

where, X.; represents the standardized value of the JTH meteorological variable at time t,
and y; and o; represent the mean and standard deviation of this variable in the training set,
respectively. To avoid information leakage of the test set, the normalization parameters are
only calculated from the training set and are consistent on the validation set and the test set.

In terms of missing test handling, this paper adopts a hierarchical strategy according to the
duration of missing test. For single point missing measurement or short interval missing
measurement, linear interpolation is used to correct adjacent time. For the sample segments
with longer continuous missing measurement time, the window is not directly filled, but
eliminated in the sample construction stage to avoid introducing false meteorological change
trends. The identification of outliers is completed by combining the physical range of
meteorological elements and the sliding statistical threshold. For example, if the range of
temperature change in a certain hour significantly exceeds the variation level of adjacent
periods, and the corresponding weather process is not recorded, it is marked as a suspicious
point and smoothed by the neighborhood median.

After data cleaning and standardization, this paper uses sliding window to construct
supervised learning samples. Let the input window length be L and the prediction step size be
h, then the ith training sample can be expressed as follows.

Xi = [Xi Riv1r 0 Xign-1] (4)

The corresponding labels are:

Yi = lit+L+h-1 (5)

where, X; isthe model input sample and y; is the temperature value at the future target time.
L is used to control the range of historical information observable by the model, and h is used
to determine the forecast lead. When h=1, the model executes the next time temperature
prediction. When h is set to 3, 6, or 12, the model can be extended to a multi-look-ahead
prediction task. In this paper, hourly temperature prediction is mainly used in the experiment,
and the prediction step parameters are retained, which is easy to be adjusted according to the
short-term forecast or intra-day forecast demand in subsequent business applications. The
sliding window sample construction process is shown in Figure 2.
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Figure 2: Schematic diagram of meteorological time series sample construction

Figure 2 illustrates the process of intercepting an input window from a sequence of
consecutive hourly observations and generating a predicted label. Each window contains
multiple meteorological variables, and the Windows slide forward according to a fixed step
size, so as to convert the original time series into a sample set for CNN-GRU model training.
Compared with the random sampling method, the sliding window can retain the time order of
meteorological data, so that the model is exposed to various sequence forms such as
continuous warming, cooling, stationary and abrupt changes in the training process. For the
data input to the CNN layer, each sample is organized as a two-dimensional feature matrix in
this paper:

M; € RLxm (6)

where, L represents the length of historical time window and m represents the number of input
meteorological variables. The rows of the matrix correspond to consecutive observation
moments, and the columns correspond to different meteorological variables. This organization
method enables CNN to simultaneously scan the time neighborhood and variable
neighborhood in the local receptive field, and extract the short-term combination changes of
meteorological elements. For example, when the air pressure decreases, humidity increases,
and wind speed increases, the convolution kernel can identify the potential association
between this combined feature and the temperature decrease. Subsequently, the extracted local
features are fed into the GRU layer to further learn the dynamic change relationship in a long
time range.

In order to enhance the expression of temperature periodicity in the model, this paper adds
time encoding features in addition to basic meteorological variables. The hour and date
features are converted to periodic functions:

2mhour;
=) ™)

Znhourt>
24

Chour: : (
t sin n

Qhour — cos(

This treatment can avoid the problem of time numbering breaking numerically, and make
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the model more naturally learn the influence of the day-night cycle on the temperature change.
If the seasonal differences in the study area are strong, the sine and cosine coding of the
intra-year day series can also be introduced to supplement the seasonal variation information.
After the above processing, the sample contains not only the real-time meteorological state,
but also the periodic background on which the temperature change depends.

3.2 CNN-GRU temperature prediction network structure design

The design goal of CNN-GRU temperature forecasting network is to obtain both short-time
local variation characteristics and continuous time series dependence from the multivariate
meteorological matrix. The temperature change is not completely determined by the
temperature at the last moment, and variables such as humidity, air pressure, wind speed,
precipitation and sunshine will jointly affect the near-surface heat budget in different time
Windows. If only the cyclic structure is used, the model is easy to focus the main weight on
the time recurrence relationship, and the recognition of the multi-variable combination
changes in a short time is insufficient. If only the convolutional structure is used, the model
can extract local patterns, but it does not fully describe the continuous dependence such as the
day and night cycle and the temperature recovery process after cold air transit. Therefore, in
this paper, the convolutional neural network and the gated recurrent unit are connected in
series to construct the prediction network, so that the local feature extraction results are
further entered into the temporal memory module, and an end-to-end computing structure for
temperature prediction is formed.

The model input in this paper is the meteorological sample matrix constructed in the
previous section. In the experiment, the length of the input window is set to 24, that is, the
hourly observation data of the past 24 h is used to predict the temperature in the future 1 h.
Each time step contains 10 features, including air temperature, relative humidity, air pressure,
wind speed, wind direction sine component, wind direction cosine component, precipitation,
sunshine duration, hourly sine code and hourly cosine code. Therefore, the single sample
input matrix size is 24x10. After entering the network, the matrix first passes through two
one-dimensional convolution layers, and the convolution kernel slides along the time
direction to cover the local association in the variable dimension, which is used to identify
short-term patterns such as warming, cooling, stationary and abrupt changes. The local feature
extraction process of convolutional layers can be expressed as follows.

F® = (W, * M; + b,) (8)

where, M; represents the ith input sample matrix, * represents the convolution operation, W,
and b, represent the convolution kernel weight and bias term of the RTH layer respectively,
d(+) is the ReLU activation function, and Fi(r) represents the local meteorological features
obtained after convolution. In this paper, a two-layer convolution structure is set, the number
of convolution kernels is 16 and 32, and the size of convolution kernel is 3. The smaller
convolution kernel can avoid excessive smoothing of short-term changes, while retaining the
meteorological disturbance information between adjacent hours. The convolutional layer is
followed by a Max pooling layer, which compresses redundant features and preserves salient
responses:

P, = max(Fi(z)) 9
Where, P, represents the local feature sequence after pooling. This processing can reduce
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the input dimension of the subsequent GRU layer, reduce the amount of training calculation,
and weaken the interference of abnormal observations on the overall prediction results.

The pooled feature sequences are fed into the GRU layer to learn the temperature
evolution relationship over a long time horizon. GRU controls the retention ratio of historical
information through update gate and reset gate, which is able to capture sequence dependence
under the condition of small parameter scale. The core calculation process is as follows.

zy = o(W,p; + Uzh_; +b,) (10)

ry = o(Wp;y + Uyhe_; +bp) 11

hy = tanh(Wy,p; + Uy (re © he_y) + by) (12)
hy=zOQh; +(1—-2z)Oh (13)

where, p; represents the convolutional features of the input GRU at time t, h,_; represents
the hidden state at the previous time, z, and r, represent the update gate and reset gate
respectively, h, represents the candidate hidden state, and © represents element-by-element
multiplication. In this paper, a two-layer stacked GRU structure is used, and the number of
hidden units is set to 64 and 32, respectively. The upper GRU receives the output of the lower
GRU, so that the model can continue to capture the temperature change rhythm across hours
on the basis of short-time local features.

The end hidden state of the GRU output goes into the fully connected prediction layer. In
order to reduce the risk of overfitting, Dropout is added before the fully connected layer to
randomly discard part of the neuron response, so that the model does not rely too much on a
certain type of meteorological variable. The final prediction output is:

¥i = Woh; + b, (14)
where, §; represents the future temperature forecast value corresponding to the ith sample, h;
is the comprehensive timing feature of the GRU output, W, and b, are the output layer
parameters. The model was trained using AdamW optimizer with initial learning rate set to
2x10—-4, batch size 64, and maximum number of training rounds 100. The training was
stopped when the RMSE of the validation set did not decrease for 10 consecutive rounds to
control overfitting and improve the stability of the model on the test set.

Input 1D Convolution 1D Convolution Max Pooling Stacked Dropout Fully Predicted

Block 1 Block 2 Layer GRULayare Layer Connected Temperature
Layer

Meteorological |—»{ ! GRU layer 1
Matrix 16 filters 32 fiters Downsample 64 l{ni(s Dropout rate Output

(24xMxF) kerel size 3 kernel size 3 (temporal (0.2) Dense layer (1%T)

RelLU RelU dimension) GRU layer 2
32 units

Figure 3: CNN-GRU temperature prediction network structure diagram

Figure 3 shows the calculation path of the proposed CNN-GRU temperature prediction
network. In this structure, the convolutional layer is placed before the GRU layer, so that the
network first extracts the local combination features from the original meteorological
variables, and then the time-dependent modeling is completed by GRU. Compared with
directly inputting the original variables into GRU, this method can reduce the interference of
invalid variable fluctuations on hidden state updates. Compared with the simple CNN
prediction, the proposed structure retains the continuous memory ability of the temperature
sequence. The scale of the overall network parameters is moderate, and it is suitable for
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deployment in hourly forecast correction of meteorological data center, site-level short-term
forecast and automatic business product generation.

4  Experimental Results

The experiments in this paper focus on the hourly temperature prediction task, and focus on
testing the prediction accuracy and stability of the CNN-GRU model in multivariate
meteorological time series. The experimental part includes four aspects: data set source and
variable composition, meteorological data preprocessing, evaluation index setting and
ablation experiment. The model input consists of continuous meteorological observation
series, and the forecast target is the temperature value of 1 hour in the future. In order to
ensure the interpretability of the experimental results, this paper compares the CNN-GRU
model and the subsequent baseline models under the condition of unified training set,
validation set and test set division, and analyzes the influence of the convolutional feature
extraction module and the GRU time series modeling module on the prediction performance
through ablation experiments.

4.1 Source of data set and composition of variables

The experimental data in this paper are from the hourly observation data of the ground
meteorological observation station in Jilin Province, and the time range is set to January 1,
2020 to December 31, 2023. In order to enhance the regional representation of the data, sites
with different topographic and climatic backgrounds such as Changchun, Jilin, Siping,
Baicheng, and Yanbian were selected as sample sources. The data recording frequency is 1 h,
which can reflect the characteristics of temperature change in Northeast China under the
influence of low temperature in winter, rapid warming in spring and autumn, and precipitation
in summer. In the experiment, the hourly meteorological records of the site were used as the
basic sample unit, and the continuous observation sequence was constructed according to the
time order to avoid the future information entering the training process caused by random
disturbance.

The dataset contains conventional meteorological elements such as temperature, relative
humidity, air pressure, wind speed, wind direction, precipitation, and sunshine duration. Since
the wind direction is a periodic variable, it is converted into sinusoidal and cosine components
in this paper to reduce the numerical fracture caused by the Angle boundary. In order to
enhance the recognition ability of the model for day and night changes, hourly sine coding
and hourly cosine coding are further added to form a 10-dimensional input feature. Each
training sample is composed of the past 24 h observation matrix, and the label is the future 1 h
air temperature value. The dataset is divided into training, validation, and test sets in
chronological order with a ratio of 7:2:1. Table 2 presents the variable composition and
modeling use of the experimental data in this paper. After quality control, a total of 175,320
valid hourly observation records were obtained, and 173,965 valid samples were constructed
according to the 24-h sliding window. There were 121,775 groups in the training set, 34,793
groups in the validation set, and 17,397 groups in the test set. The overall missing test rate
was 1.64%, and the Windows with continuous missing tests for more than 3 hours were not
involved in model training and testing.
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Table 2: Variables composition of temperature prediction data set

Variable Variable Name Data Format Modeling Purpose
Category
Continuous Used as the model output label
Prediction target Temperature value and included in the historical
window input
Represents near-surface
Moisture . - Continuous moisture variation and the
. Relative humidity . X
condition value cooling or warming
environment
Dynamic and . Reflects weather system
. Continuous .
thermal Air pressure changes and warm-—cold air
value .
background activity
Wind field . Continuous | Describes air transport intensity
. Wind speed e
condition value and local diffusion status
Wind field Sln_e component and Periodic Represents Wlnq direction
oo cosine component of : changes and avoids angular
direction o encoding : -
wind direction boundary discontinuity
: Describes the influence of
o Continuous .
Weather process Precipitation value precipitation processes on
temperature variation
Radiation . . Continuous Reflects the intensity of
. Sunshine duration o
condition value shortwave radiation input
. . - Represents the influence of
Sine encoding and Periodic .
Temporal cycle . . ; diurnal cycles on temperature
cosine encoding of hour encoding variation

4.2  Preprocessing of meteorological data

In order to ensure that the hourly meteorological observation data can meet the requirements
of CNN-GRU model training and testing, this paper performs quality control, scale
unification and sample division on the original data. The dimensions of different variables in
meteorological observation data are quite different; for example, temperature is expressed
in °C, air pressure in hPa, wind speed in m/s, and precipitation has obvious sparsity. Without
unified processing, variables with larger numerical ranges will occupy higher weights in the
gradient update, which will affect the learning of the model on the law of temperature change.
Therefore, in this paper, max-min normalization is used to map the continuous variables listed
in Table 2 to the interval [0,1], and the processing formula is as follows.
, Xt,' _ X_l’l’llrl
Xt = “max (15)

X; j

where, x.; represents the original value of the JTH meteorological variable at time t, ijin
and xjmaX represent the minimum and maximum value of the variable in the training set

respectively, and xg; represents the value of the variable after normalization. The

normalization parameter is only calculated based on the training set, and is applied to the
validation set and the test set synchronously to avoid the information in the test phase entering
the model training process in advance.
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The processing of missing measurements is distinguished according to the length of
missing measurements. Linear interpolation was used to maintain the continuity of time series
for the records with continuous missing time less than 3 h. For Windows with continuous
missing tests more than 3 h, it is eliminated in the sliding sample generation stage to avoid the
model learning false changes caused by artificial filling. Linear interpolation can be expressed
as follows.

B t—a
Re =Xa+ -~ (Xp —Xa) (16)

where, a and b represent the two valid observation moments before and after the missing
measurement segment, respectively, and X, represents the interpolation result at the missing
measurement time t. Outlier identification is done by combining meteorological physical and
statistical thresholds. The median of adjacent Windows was used to replace the records that
exceeded the reasonable range and deviated from the moving mean by three standard
deviations. The abrupt change values caused by real weather processes, such as strong cooling
and heavy precipitation, are retained to ensure that the model can learn the temperature
response under extreme change scenarios.

After the cleaning was completed, the data was divided into training, validation, and test
sets in chronological order with a ratio of 7:2:1. Random partition is not used in this paper,
because it will destroy the temporal structure of the meteorological series and may make
samples at adjacent moments appear in the training set and the test set simultaneously. The
division based on time order is closer to the business prediction scenario, that is, the model is
trained by using historical observations and then predicted for the future period.

4.3 Evaluation Metrics

In this paper, MAE, RMSE, MAPE and R2 are used to evaluate the temperature prediction
results. MAE can directly reflect the mean absolute deviation between the predicted
temperature and the measured temperature, and the unit is consistent with the temperature,
which facilitates the interpretation of model errors from the perspective of meteorological
operations. RMSE is more sensitive to larger errors and is suitable for testing the stability of
the model in strong warming, strong cooling and weather turning points. MAPE is used to
describe the relative error level, but numerical amplification may occur at low temperatures
close to 0°C, so it is used as an auxiliary index in this paper. R? is used to measure the ability
of the model to explain the variance of temperature change, and can reflect the degree of
consistency between the predicted curve and the real change trend.
MAE is calculated as follows.

1 N
MAE = & E yi =il (17)
1=1

RMSE is calculated as follows.

1 N
RMSE = Jﬁzi_l(yi —9,)? (18)

MAPE is calculated as follows.
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MAPE = 100%ZN Yi i (19)
N i=1 ly; + €
R? is calculated as follows.
N 5.2
Rz — 1 _ lel(YI YI) (20)

Z%\I=1(Yi —¥)?

where N represents the number of test samples, y; represents the measured temperature of
the ith sample, §; represents the temperature predicted by the model, y represents the mean
value of the measured temperature, and ¢ is a minimal constant used to avoid the calculation
instability caused by the denominator of 0. The above indicators evaluate the performance of
the model from four perspectives of average error, large error, relative error and trend
explanation ability, which can completely reflect the accuracy and robustness of the
CNN-GRU model in the hourly temperature prediction task.

4.4  Ablation experiments

In order to test the contribution of different structures in the CNN-GRU model to the
temperature prediction performance, this paper sets up the ablation experiment under the
uniform variable input condition shown in Table 2. The experimental comparison objects
include linear regression, SVR, decision tree, MLP, CNN, GRU, LSTM, CNN-LSTM, and the
complete CNN-GRU model of this paper. All models use the same training set, validation set
and test set division, the prediction task is the future 1 h temperature prediction, and the
evaluation indicators are MAE, RMSE, MAPE and R? in Section 4.3. Table 3 shows the
prediction results of different models on the test set.

Table 3: Comparison of temperature prediction performance of different models

Model MAE /°C RMSE / °C MAPE / % R=
Linear Regression 1.18 1.62 8.94 0.883
SVR 1.04 1.43 7.85 0.904
Decision Tree 1.12 1.55 8.37 0.891
MLP 0.91 1.26 6.72 0.927

CNN 0.78 1.08 5.81 0.941

GRU 0.72 1.01 5.35 0.948
LSTM 0.69 0.96 5.02 0.953
CNN-LSTM 0.61 0.88 4.56 0.959
CNN-GRU 0.56 0.82 4.31 0.962

It can be seen from Table 3 that the error of traditional regression model in hourly
temperature prediction is relatively high, and linear regression is difficult to describe the
nonlinear influence of variables such as humidity, air pressure and wind speed on temperature
change. Although the decision tree model can express the local nonlinear relationship, it is
insufficient to maintain the continuous time series change. MLP is better than the traditional
model, but its input structure does not make full use of the time order, and the prediction
results are still biased in the rapid cooling period. When CNN is used alone, the model can
identify the combination characteristics of short-term meteorological variables, but the
tracking of cross-hour temperature continuation trend is not stable. When GRU is used alone,
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the model performs well for the day-night cycle and continuous change process, but the error
is still too large in the face of local disturbances such as sudden cooling after precipitation and
cold air transit.

To further show the influence of different structures on RMSE, Figure 4 is plotted in this
paper. The results in Figure 4 show that the full CNN-GRU model has the lowest RMSE of
0.82 ° C. After removing CNN, RMSE rises to 1.01°C, indicating that local meteorological
combination features have obvious contributions to temperature prediction. After removing
GRU, RMSE rises to 1.08°C, indicating that the temporal memory module is indispensable
for the modeling of continuous temperature change. The RMSE rises to 0.91°C after
removing the time period encoding, which indicates that the information of day and night
cycle can help the model to distinguish the temperature response of different periods under
similar meteorological conditions.

CNN-GRU
CNN-LSTM

Without time encoding
GRU only

CNN only

MLP

SVR

Linear Regression 1.62

0.0 0.2 0.4 0.6 0.8 1.0 12 14 1.6 1.8
RMSE (°C)

Figure 4. Comparison data plots of RMSE under different structural configurations

It can be seen from Figure 4 that the hybrid deep model is better than the single structure
model as a whole, and CNN-GRU achieves lower error than CNN-LSTM. The main reason is
that the number of GRU parameters is relatively small, and it is easier to obtain stable training
results under the condition of limited scale of hourly site meteorological data. At the same
time, the complete model uses CNN to extract short-term local variation features, and uses
GRU to retain historical temperature states, so that the prediction curve can maintain high
consistency in the periods of smooth warming, night cooling and weather conversion. The
experimental results show that the performance improvement of the proposed model does not
come from single layer stacking, but from the synergy between local feature extraction,
temporal dependence modeling, and time period encoding.
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5 Discussion

5.1 Comparative analysis of the proposed model and advanced prediction
models

To verify the effectiveness of the proposed model, CNN-GRU is compared with prediction
methods such as ARIMA, SVR, Random Forest, LSTM, CNN-LSTM and Transformer. All
models used the same data set division and evaluation index, and the prediction target was the
temperature of 1 hour in the future. Table 4 shows the performance comparison between the
proposed model and typical advanced prediction models on the test set, where the traditional
machine learning model is only used as a reference, and the prediction difference between the
deep time series model and the hybrid neural network model is mainly compared.

Table 4: Performance comparison of different temperature prediction models

Method MAE /°C RMSE / °C MAPE / % R=
ARIMA 1.31 1.74 9.45 0.869
SVR 1.04 1.43 7.85 0.904
Random Forest 0.98 1.36 7.18 0.912
LSTM 0.69 0.96 5.02 0.953
CNN-LSTM 0.61 0.88 4.56 0.959
Transformer 0.64 0.93 4,74 0.956
CNN-GRU 0.56 0.82 4.31 0.962

It can be seen from Table 4 that traditional statistical models and shallow machine
learning models have limited adaptability in nonlinear meteorological changes. ARIMA has a
certain ability to describe the stationary trend, but the error increases under the influence of
cold air activity and precipitation. SVR and Random Forest are able to express partial
nonlinear relationships, but underutilize continuous time dependencies. The prediction error
of LSTM and CNN-LSTM decreases significantly, which indicates that the deep time series
model is more suitable for handling multivariate meteorological series. Transformer has
advantages in long-term dependency learning, but its parameter scale is large and the error is
not lower than CNN-GRU when the scale of site-level hourly data is limited.

Figure 5 further demonstrates the differences in RMSE of different models. The RMSE of
CNN-GRU is 0.06°C lower than that of CNN-LSTM, 0.14°C lower than that of LSTM, and
0.61°C lower than that of SVR. This difference shows that GRU can effectively learn the
continuous change process of temperature while maintaining a low parameter scale. The CNN
module helps the model to extract the local combination signals of humidity, air pressure,
wind speed and sunshine variables in advance, so that the prediction results are closer to the
measured values in the weather conversion period.
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Figure 5: Comparison of RMSE of different prediction models

From the perspective of prediction mechanism, the advantage of CNN-GRU does not
come from the simple increase of the number of network layers, but from the reasonable
connection between local features and time series states. The convolutional layer can identify
the combination changes of "decreasing air pressure, increasing humidity and enhancing wind
speed” in a short time window, and the GRU layer further determines whether the
combination will continue to be a cooling process for the next 1 h. For the sunny day process
with obvious diurnal variation, the model can maintain smooth prediction by using time
period coding and historical temperature trend. For fluctuating scenarios such as precipitation
and cold air intrusion, the convolutional features provide GRU with more explicit disturbance
input, so the prediction error is lower than that of the single time series model.

5.2 Time complexity analysis of the model

The temperature prediction model not only needs high precision, but also needs to meet the
real-time calculation requirements of business systems. In this paper, the forward inference
time of a single sample is used as the efficiency evaluation index to test the average inference
time of different models in three types of environments: CPU, GPU and edge devices. The
time complexity test environment is set as follows. The CPU platform uses Intel Core
i7-12700 processor and 32 GB memory, the GPU platform uses NVIDIA RTX 4080 16 GB
graphics card, and the edge device uses Raspberry Pi 4B 8 GB memory. The software
environment is Ubuntu 22.04, Python 3.11, and PyTorch 2.2. The test results are shown in
Table 5.

Table 5: Comparison of inference time of different models

Method CPU/s | GPU/s | Edge Device/s | Number of Model Parameters / M
LSTM 0.061 0.021 0.172 0.42

CNN-LSTM | 0.083 0.026 0.219 0.58

Transformer 0.146 0.043 0.384 1.27

CNN-GRU 0.074 0.018 0.186 0.49
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Table 5 shows that the average inference time of CNN-GRU is 0.018 s in the GPU
environment, 0.074 s in the CPU environment, and 0.186 s on the edge device. The time
consumption is much lower than the service time interval of hourly temperature prediction,
and it can meet the needs of site-level automatic update and batch rolling prediction.
Compared with Transformer, the number of parameters of CNN-GRU is reduced by about
61.4%, and the inference time of edge devices is reduced by about 51.6%. Compared with
CNN-LSTM, CNN-GRU achieves faster GPU inference while maintaining a lower RMSE.
This result is related to the fact that the GRU gating structure is more concise than the LSTM,
and also to the fact that the convolutional layer compresses the local feature dimension in
advance.
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B CNN-LSTM
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B CNN-GRU

0.400 | 0.384
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Figure 6: Comparison of inference time in different running environments

Figure 6 illustrates that the time consumption of CNN-GRU varies smoothly on different
computing platforms. For the multi-site hourly temperature prediction task in Jilin Province, if
100 sites are predicted in batch at a time, the total time consumption of GPU can still be
controlled within the range of seconds. If it is deployed in the base station or edge acquisition
terminal, the single sample inference time of 0.186 s can also support short rolling updates. It
should be noted that when the input window length is extended from 24 h to 72 h, the
computation of the GRU layer will increase with the time step, and the inference cost can be
further compressed by window clipping, feature selection or model distillation.

5.3 Scalability and Deployment Considerations for Temperature
prediction models

The CNN-GRU model has good expansion conditions. Its input adopts a uniform time
window matrix, and the variable dimension can be adjusted according to the integrity of the
business site data. When some stations lack sunshine duration or precipitation records, mask
features or regional interpolation can be used to supplement them. When radar, satellite cloud
images or numerical forecast products are introduced, the corresponding variables can be
added to the input layer, and the local feature fusion can be completed through the
convolution module. Due to the small scale of the main parameters of the model, multiple
sites can share the basic network structure, and then adapt to different terrain and underlying
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surface conditions through site coding or regional fine-tuning.

Figure 7 shows the accuracy and response time comparison under different deployment
schemes. The centralized GPU deployment has the lowest RMSE of 0.82°C and a single
response time of 0.018 s, which is suitable for large-scale batch reasoning in provincial
meteorological data centers. The RMSE of CPU server deployment remains the same, and the
response time is increased to 0.074 s, which is suitable for city and county level business
systems. The response time of edge device deployment is 0.186 s, which can still meet the
hourly prediction requirements. If 8-bit quantization is further adopted, the model size can be
reduced from 38 MB to 15 MB, and the reasoning time of edge devices can be reduced to
0.121 s, but the RMSE will rise to 0.87°C, which indicates that the lightweight deployment
needs to maintain a balance between accuracy and speed.
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Figure 7: Comparison of RMSE and response time for different deployment schemes

From the perspective of business deployment, the model in this paper can operate in the
way of "central training, hierarchical reasoning, and regular update”. The provincial data
center was responsible for integrating multi-site historical data, completing model training
and parameter updating. The city-county-level business system makes batch prediction
according to the local site data. The edge terminal undertakes short-time fast reasoning and
temporary prediction in the state of disconnection. For processes such as strong cooling,
blizzard and cold wave in winter, the latest samples can be added to the training set after the
event is over, and the model parameters can be regularly fine-tuned to improve the
adaptability of the model to extreme samples. If it is deployed in a larger area, it is also
necessary to establish a site quality evaluation mechanism to avoid sites with high missing
rate or incomplete relocation records affecting the stability of the model.

5.4 Application Value analysis of meteorological services

The value of CNN-GRU model in meteorological business is mainly reflected in three aspects:
short-term correction, risk early warning and refined service. For the hourly temperature
forecast correction, the model can quickly correct the temperature results of the next hour
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based on the latest observation data, especially in the process of radiation cooling at night,
cooling after precipitation and cold air transit, which can provide data reference for
forecasters. The experimental results show that the MAE of CNN-GRU is 0.13°C lower than
that of LSTM and 0.48°C lower than that of SVR. Although the range seems limited, it has
practical significance in road icing, low temperature protection of facility agriculture and
urban heating scheduling. In agrometeorological services, short-time temperature forecasting
can be used for low temperature frost risk tips. If the model predicts that the temperature will
be close to 0 ©C and show a decreasing trend in the next 1 h, the system can combine
humidity, wind speed and land surface temperature data to generate a hierarchical reminder.
For urban operation and management, more stable temperature prediction is helpful for
heating load regulation, road icing risk identification and public travel tips. For
meteorological data centers, CNN-GRU model has automatic operation conditions, which can
be embedded in existing data processing links, and automatically generate site-level
short-term temperature prediction products after observation data warehousing and quality
control are completed. It should be noted that the model in this paper still has some
limitations. The current experiment is mainly based on the hourly observation data of the
ground station in Jilin Province, which can better reflect the seasonal difference of
temperature and the influence of cold air in Northeast China. However, more regional data are
needed to verify the applicability to plateau, coastal and tropical regions. The model mainly
predicts 1 hour in the future, and the label and loss weight need to be redesigned for longer
prediction such as 6 hours and 12 hours. Subsequent studies can incorporate numerical
weather prediction products, terrain height, land use type and satellite cloud cover data into
the input space, and combine uncertainty estimation to output prediction intervals, so as to
improve the operational reliability of the model under complex weather background.

6 Conclusions

Temperature prediction is an important basic task in meteorological service, agricultural
production scheduling and urban operation management. Aiming at the characteristics of
multi-variable coupling, obvious short-term disturbance and strong continuous dependence of
hourly temperature series, this paper constructs a temperature prediction model based on
convolutional neural network and gated recurrent unit. The model takes the multivariate
meteorological observation matrix as input, extracts the combination features of humidity, air
pressure, wind speed, precipitation and sunshine in the local time window by CNN, and then
uses GRU to capture the time series memory relationship in temperature change to realize the
prediction of future 1 hour temperature. Experimental results show that the CNN-GRU model
achieves RMSE of 0.82°C, MAE of 0.56°C, MAPE of 4.31%, R2 of 0.962, which is better
than ARIMA, SVR, LSTM, CNN-LSTM, Transformer and other comparison methods. The
model maintains low inference time on GPU, CPU and edge devices, and has the potential for
hourly rolling prediction and business system deployment. Numerical weather prediction
products, terrain factors and multi-site transfer learning methods can be further introduced in
future research, and uncertainty estimation and interpretability analysis can be combined to
improve the stability of the model in complex weather processes and cross-regional
applications.
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