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Abstract: Climate is closely related to human life, food security and ecosystems. Forecasting future
climate provides important information for agricultural production, water resources management
and so on. In this paper, historical climate data from 1962-2001 was used at three sites in Tianjin Baodi,
Tianjin and Tanggu districts as baseline and the model parameters were calibrated by the Long Ashton
Research Station Weather Generator (LARS-WG). 2m-temperatures in 2011-2020 were verified under
two scenarios, representative concentration pathway (RCP) 4.5 and RCP8.5 in different atmospheric
circulation models with optimal minimum 2m-temperatures at the three sites. From 2031-2050,
Tianjin will be using more moderate minimum 2m-temperatures in future simulations. Support
vector machines (SVM) were used to optimize the simulated data to obtain more accurate future
maximum and minimum 2m-temperatures for the three sites. The results showed that the determinant
coefficient of LARS-WG simulation was 0.8 and SVM optimized determinant coefficient was 0.9 which
greatly improved the prediction accuracy. The minimum and maximum future 2m-temperatures
optimized under European Community Earth System Model (EC-EARTH) were relatively low and
the same future 2m-temperatures optimized under Hadley Centre Global Environment Model Earth
System (Had-GEM2-ES4) were high especially in the RCP8.5 scenario which simulated 2051-2070
climate. The SVM optimization showed that the maximum and minimum 2m-temperatures were in
general agreement with the original simulation values.

Keywords: atmospheric general circulation model; future climate; LARS-WG; maximum 2m-temperature;
minimum 2m-temperature; SVM optimization

1. Introduction

During the last century, the global climate has been warmed significantly with the
average surface 2m-temperature increasing by about 0.9 °C between 1900 and 2018 [1]. In
the 21st century, the 2m-temperature will rise further according to the four representative
concentration path scenarios. Projected 2m-temperature increases by the end of the century
are 0.30 °C-1.70 °C under the RCP2.6 scenario, 1.10 °C-2.60 °C under the RCP4.5 scenario,
1.40 °C-3.10 °C under the RCP6.0 scenario, and a projected increase of 2.60 °C—4.80 °C
under the RCP8.5 scenario [2]. This global warming is mainly attributed to the increase in
greenhouse gases, especially nitrous oxide, carbon dioxide, and ozone [3]. Changes in the
global average 2m-temperature disrupt the environment, agriculture, food security, human
health, and ecosystems [4]. In recent years, climate anomalies have seriously affected
haze variability in North China [5] and extreme weather events occur frequently in China.
Extreme heat events occurring during the flowering-sensitive stage of crop development
can also significantly reduce grain yield, while sustained extreme heat may lead to almost
total grain loss [6].

Meteorological elements are closely related to human life and the accurate prediction
of meteorological elements provides important information for urban planning, land use,
civil engineering design, and water resources management [7]. Meteorological data were
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applied to different general atmospheric circulation models (e.g., CanESM2, BCC-CSM1-1,
and MICROCY) to simulate precipitation and the 2m-temperature under representative
concentration path scenarios RCP4.5 and RCP8.5. Global climate models (GCM) simulate
global climate based on possible future greenhouse gas scenarios. The current horizontal
resolution of GCM is about 150 km and the spatial resolution of GCM varies [8]. Due to the
lack of fine spatial resolution of the output of GCM, it is generally not used directly, but
downscaling techniques are used for simulation prediction.

A stochastic weather generator is a probabilistic model that simulates the future cli-
mate of a specific location by analyzing historical climate data and then generates weather
variables with the same statistical properties as historical data [9]. Daily weather data
generated by these models have been used in various climate change studies in agriculture
and hydrology [10,11]. LARS-WG is a well-known statistical downscaling model often
used in climate prediction by constructing a climate change prediction model based on the
vector autoregression (VAR) model and considering the impact of historical meteorological
data on future climate for downscaling GCM outputs, such as 2m-temperature, precipita-
tion, and solar radiation. For example, LARS-WG is used to simulate the 2m-temperature
and precipitation in two RCP-(4.5 and 8.5) scenarios of Coupled Model Intercomparison
and Intervention Project Phase 5 (CMIP5) [4]. LARS-WG combined with the genetic pro-
gramming method was used to predict the future climate change of the Sanjabi Basin in
Iran; the 2m-temperature and rainfall in the fifth Intergovernmental Panel on Climate
Change (IPCC) report had been downscaled in comparison [12] to the simulated effects
of climate change on maize yield under the Rcp scenario in Qazvin Plain, Iran [13]. There
is literature [14] that uses LARS-WG to predict minimum 2m-temperature (Tmin), maxi-
mum 2m-temperature (ITmax), and precipitation (P) values of future periods (2021-2040,
2041-2060, 20612080, and 2081-2100) under RCP2.6, RCP4.5, and RCP8.5 scenarios. Driven
by long-term (30 years) daily meteorological data, crop growth simulation models can be
used to predict the impact of climate risks on crop growth and yield. However, the exis-
tence, availability, access, or required costs of high-quality, long-term daily weather data
often severely constrain the use of crop models. In this case, the use of random weather
generators can help overcome this limitation [15].

There are many studies using LARS-WG to predict future climate [16,17], and the
accuracy of the LARS-WG prediction is higher than that of weather prediction models in
simulating the future climate in Canadian regions [18]. Using the LARS-WG method, a
250-year meteorological series ensemble is synthesized from the observed historical series,
and hydrological forecasts are made [19]. LARS-WG has been used to modeling future
climate change in Texas using for an early response to frequent extreme weather events [20].
In recent years, machine learning algorithms have been used more and more widely and
with better results. A neural network model was used to predict the future climate of
the Iranian Caspian Sea for the next 20 years under the RCP4.5 and RCP8.5 emission
scenarios with more simulation accuracy [21]. LARS-WG was utilized to predict future
(2015-2044) climate variables in central Iran, and an artificial neural network was used to
establish the relationship between climate variables and snow water equivalents during
the baseline period to predict future snow water equivalents [22]. Future climate was
simulated using LARS-WG for GCM output downscaling in the CMIP5 model, and three
data mining models, namely the artificial neural network, support vector machine, and
genetic expression programming, were used to predict runoff in future climate scenarios,
and SVM simulation was found to have the highest performance [23].

Most of the above studies used LARS-WG to make projections of the future climate,
and then analyzed the various metrics under the projected future climate scenarios. There-
fore it becomes important to improve the accuracy of the future climate. With the intensifica-
tion of global climate change, Tianjin as a coastal city in eastern China is facing increasingly
severe climate problems. In this study, the SVM optimization algorithm is used to enhance
the accuracy of future climate prediction under two future RCP scenarios and evaluate
the advantages and disadvantages of the two methods in regional climate change. The
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main points of the study include: (1) the historical climate data and geographical data of
Tianjin were first collected and pre-processed. (2) the VAR model is used to construct the
climate prediction model of the LARS-WG method; and (3) the SVM method was used
to train the model and then the trained model was used to optimize the prediction of the
future climate.

2. Materials and Methods
2.1. Description of the Study Area

Tianjin is located in the northeast of China’s North China Plain known as the “river
and sea”. It is located at 117°10’ E and 39°10" N. Tianjin is located in the lower reaches
of the Haihe River and straddles both sides of the Haihe River. The average annual
2m-temperature is about 14 °C, It is the hottest in July, where the average monthly
2m-temperature is 28 °C. The highest 2m-temperature on record was 41.6 °C. January
is the coldest with an average monthly 2m-temperature of —2 °C. Annual precipitation a
Annual rainfall ranges from 500 to 700 mm. Table 1 provides an overview of the specifica-
tions for the three sites, which contain station, latitude (Lat), longitude (Long), elevation
(Elev), Tmax, Tmin, and P.

Table 1. Specifications of meteorological stations.

Station Lat. Long. Elev. (m) Tmax (°C) Tmin (°C) P. (mm/year)
Baodi54525 39.73 117.28 47 40.8 —274 672.0
Tianjin54527 38.59 117.43 5.6 40.5 -229 635.72
Tanggu54623 39.06 117.10 3.3 40.9 -17.1 719.51

2.2. Meteorological Data

Observations of daily Tmax and Tmin from 1962 to 2020 at the three sites were obtained
from the National Climate Center. Downscaling records based on GCM data and LARS-WG
simulation calibration was applied at three different stations in Baodi, Tianjin, and Tanggu.
The Tmax and Tmin for 40 years from 1962 to 2001 were used for the baseline period. The
climate projections of the GCM under two RCP scenarios, 2031-2050 (1950s) and 2051-2070
(1970s) are analyzed using the calibration with data from 2002 to 2020. Eight GCM (ACC,
BCC, CanESM, CMCC, CNRM, CSIRO, EC-EARTH, and HadGEM2-ES) modes of the
CMIP5 model were selected for climate prediction analysis under two typical concentration
path scenarios, RCP4.5 and RCP8.5, respectively, as shown in Table 2. Due to the fact
that the selected GCM modes all contain RCP4.5 and RCP8.5 scenarios, only some modes
contain RCP2.6. In order to facilitate scene prediction and comparison between different
modes, this study only considered RCP4.5 and RCP8.5 scenarios, without considering
RCP2.6 scenarios.

Table 2. Atmospheric circulation patterns in the LARS-WG model.

GCM Development Institute Country RCP
ACCESS1-3 European Organization for the Exploitation of Meteorological Satellites ~ European 2.6,45,85
BCC-CSM1-1 Beijing Climate Center China 4.5,8.5
CanESM2 Canadian Centre for Climate Modelling and Analysis Canada 2.6,4.5,8.5
CMCC-CM China Meteorological Administration China 45,85
National Meteorological Research Centre and European Centre for

CNRM-CM5 Research and Advanced Training in Scientific Computing France 45,85
CSIRO-MK36 Commonwealth Scientific and Industrial Research Organization Australia 2.6,4.5,85
EC-EARTH European Commission—Joint Research Centre European 45,85

Had-GEM2-ES Hadley Centre Global Environment England 2.6,4.5,85
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2.3. Methods
2.3.1. LARS-WG Model Approach

The LARS-WG 6 version was used in this study. The LARS-WG simulation in this
study consists of three steps, firstly, using 40 years of daily observed weather data for
model calibration through SITE ANALYSIS, we analyze the daily observed weather data
(Tmax and Tmin) to determine the model parameters, and based on this, generate 40 years
of synthetic daily weather data. We used Q-test analysis to validate the LARS-WG model
to confirm the model accuracy. Second, the monthly mean weather statistical indices are
evaluated based on observations and simulations, and then the relative change factors
of the monthly GCMs outputs are calculated. Third, the daily maximum and minimum
2m-temperatures are simulated for the next 20 years.

2.3.2. SVM

SVM was proposed by Vapnik et al. [24] in 1995 and has been one of the most in-
fluential machine learning algorithms for over 20 years. SVM can not only be used for
classification problems, but also for regression problems, such as time series analysis and
pattern recognition problems, and can be extended to prediction and comprehensive analy-
sis and other fields. Based on statistical learning theory, a classifier is established to predict
future climate change. In regression problems, training samples are given first, and through
learning the linear model hopes to make each sampling point as close to the shape as
possible. To make f (x) and y as close as possible, as shown in Equations (1) and (2),we use:

D= {(xllyl)/ (xZIyZ)/-”/ (xm/]/m)}/yi € R/ X; € R (1)

f(x) =wlx +b(w e R,b €R) (2)

where x is the input vector, called the influence factor, y is the predicted object, and w and
b are the model parameters to be determined.

Assuming a maximum error A is allowed between f (x) and y, and the loss is only
calculated when the absolute value of the difference between f (x) and y is greater than A.
We constructed an interval band with a width of 2A centered on f (x). If the training
sample falls into this interval band, the prediction is considered correct. Therefore, the SVR
problem can be formalized as an equation:

min”sz—l-CZm In(f(x;) — ) 3
2 i=1"*A 1 Yi ( )

w,b

where C is the regularization constant and [, is the loss function.

2.4. Statistical Evaluation Criterions

The Tmin and Tmax data of 40 years from 1962 to 2001 were collected and divided
into a training set and a test set according to the ratio of 9:1. Two indexes, the coefficient
of determination (R?) and root mean square error (RMSE) were proposed to evaluate the
performance of the prediction model. The coefficient of determination is mainly used to
measure the correlation between actual and predicted values. The closer its value is to 1,
the better the correlation between actual and predicted values. The calculation formula is
as follows:

)?
5 )

=
N
|
—
|
[Nagks
o
|
)

Mz
o
|
O

where O; denotes the observed value, P; denotes the simulated value, O denotes the average
of the observed values, and N denotes the number of samples.
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RMSE is mainly used to measure the deviation degree between the real value and the
predicted value [25], and its calculation formula is as follows:

5 (0~ P)

RMSE =\l=L 5
S )

3. Results and Discussions
3.1. LARS-WG
3.1.1. Baseline Data Comparison

LARS-WG was used to simulate the Tmax and Tmin from 1962 to 2001 in the baseline
period. The results are shown in Figures 1-3. In the figure, the simulated values are denoted
by “gen” and the observed values by “obs”. It can be seen from Figure 1 that the simulated
value of the lowest 2m-temperature in the Baodi district in March and May is slightly higher
than the observed value, and the simulated value in June is slightly lower than the observed
value; There is little difference between the simulated and observed results in the remaining
months. The simulated value of the highest 2m-temperature in the Baodi district in March
is slightly lower than the observed value, and the difference between the simulated and
observed results in the remaining months is very small. Figure 2 shows that the simulated
value of the lowest 2m-temperature in the Tianjin district in June is slightly lower than the
observed value; and the simulated value in November is higher than the observed value
and there is little difference between the simulated and observed results in the remaining
months. There is a slightly larger difference between the observed and simulated value of
the Tmin in Tianjin. The Tmin in the Tanggu district is slightly lower than the observed
value in April, and there is little difference between the simulation and the observed value
in other months. The Tmax in the Tanggu district is slightly lower than the observed value
in February and April and there is little difference between the simulated and observed
results in other months. From Figures 1-3, the lowest 2m-temperature occurs in January,
which is about —11 °C in the Baodi district, —8 °C in the Tianjin district, and —6.5 °C in
the Tanggu district. The highest 2m-temperature occurred in July, and the average Tmax
at the three sites was around 30 °C. Tables 3-5 show the Kolmogorov-Smirnov (KS) test
of Tmin and Tmax in the Baodi district, Tianjin district, and Tanggu district respectively.
The effective number from January to December in the table is 11.5, and the p value is 1,
indicating that the results are reliable.

35

(2)
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Mar §
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: E o L
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=}
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Hobs 30 F (b) lobs
25
20 f
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Figure 1. Observed and simulated values of (a) Tmin (b) Tmax in the Baodi district.
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Figure 2. Observed and simulated values of (a) Tmin (b) Tmax in the Tianjin district.

30 > 35
Hobs
25 F L |
>l @ = gen 0o T
%P 2 |
20 [ 25 |
g 10 F g 5F
= =10
5 o
HoE oS S ooas >
5 F s 4 E; o 0
lf) LS <S2=Z23024
Date Date
Figure 3. Observed and simulated values of (a) Tmin (b) Tmax in the Tanggu district.
Table 3. KS-test for Baodi daily Tmin and Tmax distributions.
KS-Test for Daily . c e KS-Test for Daily . -

Tmin Distributions Effective N KS Statistic p-Value Tmax Distributions Effective N KS Statistic p-Value
] 115 0 1 ] 115 0.052 1
F 115 0.053 1 F 115 0.052 1
M 11.5 0 1 M 11.5 0.053 1
A 115 0.053 1 A 115 0.053 1
M 11.5 0.053 1 M 11.5 0.053 1
] 11.5 0.053 1 J 11.5 0.053 1
] 115 0.053 1 J 115 0.053 1
A 11.5 0.053 1 A 11.5 0.106 0.999
S 115 0.053 1 S 115 0.053 1
(¢} 11.5 0.053 1 (@] 115 0.053 1
N 115 0.052 1 N 115 0.053 1
D 11.5 0.033 1 D 11.5 0.053 1

Table 4. KS-test for Tanggu daily Tmin and Tmax distributions.
KS-Test for Daily . e KS-Test for Daily . ‘e

Tmin Distributions Effective N KS Statistic p-Value Tmax Distributions Effective N KS Statistic p-Value
] 115 0.053 1 ] 11.5 0.053 1
F 115 0.053 1 F 115 0.053 1

M 11.5 0.053 1 M 11.5 0.053 1
A 115 0.053 1 A 115 0.053 1
M 11.5 0.053 1 M 11.5 0.053 1
] 11.5 0.053 1 J 11.5 0.053 1
J 115 0.053 1 J 115 0.053 1
A 11.5 0.106 0.999 A 11.5 0.106 0.999
S 115 0.053 1 S 115 0.053 1
(e} 11.5 0.053 1 (@] 11.5 0.053 1
N 115 0.053 1 N 115 0.053 1
D 11.5 0.053 1 D 11.5 0.053 1
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Table 5. KS-test for Tianjin daily Tmin and Tmax distributions.

KS-Test for Daily

Effective N KS Statistic p-Value

KS-Test for Daily Tmax  pecoive N KS Statistic  p-Value

Tmin Distributions Distributions
J 11.5 0.033 1 J 11.5 0.053 1
F 11.5 0.053 1 F 11.5 0.053 1
M 11.5 0.053 1 M 11.5 0 1
A 11.5 0.053 1 A 11.5 0.053 1
M 11.5 0.052 1 M 11.5 0.052 1
J 11.5 0.106 0.999 J 11.5 0.053 1
J 11.5 0.053 1 J 11.5 0.053 1
A 11.5 0.106 0.999 A 11.5 0.106 0.999
S 11.5 0.053 1 S 11.5 0.105 0.999
(@) 11.5 0.053 1 @) 11.5 0.053 1
N 11.5 0 1 N 11.5 0.053 1
D 11.5 0.01 1 D 11.5 0.053 1
In order to make the simulation results comparable, this study uses two scenarios of
eight atmospheric circulation models in LARS-WG, RCP4.5 and RCP8.5 to simulate the
2011-2020 climate and compare them with the observed values. Table 6 shows the R? and
RMSE of the model simulation. Table 6 shows that there is little difference in the simulation
under the eight GCMs but the simulated Tmin determination coefficient is higher than the
simulated Tmax determination coefficient. The R? of the highest 2m-temperature is around
0.8 and the R? of the lowest 2m-temperature is between 0.86 and 0.87 indicating that the
lowest 2m-temperature by LARS-WG is better simulated. Therefore, it is more suitable to
use LARS-WG to simulate the Tmin in Tianjin.
Table 6. Simulation accuracy under eight GCMs.
Baodi Tianjin Tanggu
GCM RCP Tmax Tmin Tmax Tmin Tmax Tmin
RMSE R? RMSE R*> RMSE R*> RMSE R?> RMSE R?> RMSE R?
ACCESS1-3 RCP45 5.19 0.80 4.39 0.86 524 079 4.01 0.87  5.02 080 4.07 0.86
) RCP8.5 5.20 0.80 4.41 086 5.26 0.79  4.02 087 5.03 0.80 4.09 0.86
BCC-CSM1-1 RCP45 5.27 0.79 4.45 085 5.30 0.79  4.08 0.87  5.09 080 4.11 0.86
. ) RCP85 5.26 0.79 4.41 0.85 528 079  4.08 0.87  5.04 0.80 4.09 0.86
CanESM?2 RCP4.5 5.30 0.79 4.49 0.85 5.32 078 4.10 0.87 5.12 079 417 0.86
an RCP85 526 079 440 085 527 079 408 087 505 080 411 086
CMCC-CM RCP45 527 0.79 443 085 5.29 079  4.09 0.87  5.05 080 4.10 0.86
. RCP85 5.18 0.80 4.39 085 522 079 4.07 0.87  5.00 0.80 4.07 0.86
CNRM-CMS5 RCP4.5 5.25 0.79 4.48 085 5.29 0.79  4.06 087 5.10 0.80 4.13 0.86
. RCP85 5.22 0.79 4.44 0.85 526 079 4.05 0.87  5.05 080 4.10 0.86
RCP4.5 5.22 0.80 4.44 0.85 526 079 4.04 0.87 5.03 0.80 4.07 0.86
CSIRO-MK36  pepgs 521 080 440 084 527 079 405 087 505 080 407 086
EC-EARTH RCP45 5.23 0.80 4.45 085 527 079 4.05 0.87  5.07 080 4.11 0.86
; RCP8.5 5.21 0.80 4.41 086 5.25 0.79  4.04 087 5.03 0.80 4.08 0.86
RCP45 521 0.80 441 0.86 522 079  4.08 0.87 498 080 4.06 0.86
Had GEM2-ES  pepgs 521 080 441 08 522 079 412 087 501 080 408 086

3.1.2. Future Climate Projections

Four atmospheric circulation models, ACCESS1-3, CSIRO-MK36, EC-EARTH, and
Had-GEM2-ES were selected. LARS-WG was used to simulate the Tmin and Tmax from
2031 to 2050s and 2051 to 2070s under two scenarios of RCP4.5 and RCP8.5 in the Baodi
district, Tianjin district, and Tanggu district, and the results are shown in Tables 7-12. It can
be seen from the tables that the lowest 2m-temperature occurred in January and the highest
2m-temperature occurred in July at the three sites, and the overall trend was consistent
with the baseline period, but the 2m-temperatures were different in different scenarios. The
Tmin and Tmax in the 1970s are both higher than in the 1950s, indicating that the future
climate is a growing trend which is consistent with previous studies [26-28]. Among the
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four GCMs, the future Tmin and Tmax simulated by EC-EARTH are relatively low and the
Tmin and Tmax simulated by Had-GEM2-ES4 are relatively high, especially in the RCP8.5
scenario, which simulates the future climate in the 2070s.

Table 7. Climate projections of Tmin for 2031-2050s and 2051-2070s in the two RCP scenarios under
the four GCM models in Baodi (Note: ACCESS1-3, CSIRO-MK36, EC-EARTH, and Had-GEM2-ES
are denoted by 1, 2, 3, and 4, respectively. The 50 represents the 2031-2050s and the 70 represents the
2051-2070s. The month is indicated by the first three letters).

Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec
1-RCP45-50 -9.3 -6 0.5 74 13.9 19 229 21.9 15.7 8.1 -013 -64
1-RCP45-70 —8.2 —49 1.6 8.4 14.7 19.6 235 22.6 16.4 8.8 0.77 —-53
1-RCP85-50 —-8.9 -5.9 0.6 7.6 14.3 19.8 23.9 22.6 16.1 8.4 0.35 -5.7
1-RCP85-70 —6.9 -3.8 2.6 9.5 16.2 21.3 25.2 24 17.8 10.3 2.08 —4
2-RCP45-50 -85 —6.1 0.7 7.8 14 19 23.1 22.3 16.1 8.6 0.49 —5.2
2-RCP45-70 -7.7 -5.3 1.3 8.5 15.1 20.4 24.6 23.6 17.1 9.5 1.46 —4.4
2-RCP85-50 -85 -57 1 8 14.3 19.5 23.6 225 16.2 8.6 0.56 —54
2-RCP85-70 —6.9 —44 2 9 15.5 20.9 25.2 244 18 10.3 2 —-3.8
3-RCP45-50 -9.7 —6.7 0.03 7.1 13.7 18.7 22.5 21.5 154 79 0.02 —6.2
3-RCP45-70 -9.2 —6.2 0.4 7.7 14.2 19.1 229 222 16.1 8.6 0.55 -5.8
3-RCP85-50 —-95 —6.8  0.04 7.6 14.4 19.3 229 21.9 15.9 8.5 0.49 -59
3-RCP85-70 —-8.3 —-5.6 1.18 8.6 15.2 20.2 24.2 234 17.3 9.8 1.7 —4.7
4-RCP45-50 —8.2 —56 0.84 8.3 14.9 19.8 235 22.3 16.3 9.1 1.22 —5.1
4-RCP45-70 —74 —4.3 1.86 9.1 15.9 20.8 24.2 23.1 17.2 10 1.84 —4.8
4-RCP85-50 -8.1 —-53 156 8.8 15.1 20 23.8 229 16.8 94 1.44 —4.7
4-RCP85-70 —54 —24 4.1 10.8 16.8 21.5 25.2 24.2 18.4 11.2 3.33 —24

Table 8. Climate projections of Tmax for 2031-2050s and 2051-2070s in the two RCP scenarios under
the four GCM models in Baodi.

Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec
1-RCP45-50 2.8 6.5 12.7 20.7 27.4 31.6 324 31 27.4 20.1 10.9 4.3
1-RCP45-70 3.9 7.6 13.8 21.8 28.1 322 33 31.7 28.1 20.8 11.8 5.4
1-RCP85-50 3.2 6.6 12.8 21 27.7 324 334 31.6 27.8 20.5 11.3 5
1-RCP85-70 5.2 8.7 14.8 22.9 29.6 34 34.7 33 29.6 22.4 13.1 6.6
2-RCP45-50 3.6 6.3 12.8 21.3 27.3 31.2 325 31.6 28.3 214 12.5 6
2-RCP45-70 4 6.7 13.4 22.3 28.7 33.1 34.7 33.4 29.6 229 13.9 6.8
2-RCP85-50 3.7 6.7 13 21.1 27.7 32 329 31.3 27.9 21.2 12.6 6
2-RCP85-70 49 7.7 14 224 28.8 33.2 349 34 30.6 23.6 14.4 7.4
3-RCP45-50 24 5.8 12.2 20.5 27.1 31.3 32 30.5 27.1 20 11 45
3-RCP45-70 3 6.2 12.6 21.1 27.7 31.6 32.5 31.2 27.8 20.7 11.6 49
3-RCP85-50 2.7 5.7 12.2 21 27.9 31.8 324 30.9 27.6 20.6 115 4.8
3-RCP85-70 3.9 6.9 13.3 22 28.6 32.8 33.7 324 29 21.9 12.7 6
4-RCP45-50 2.7 6.2 13.1 22.4 28.7 32.5 33.2 32.3 28.5 20.9 114 5
4-RCP45-70 4.7 8.7 14.7 23.3 29.9 33.6 335 324 29 21.5 12.3 6.3
4-RCP85-50 3.1 6.6 13.6 22.3 28.9 32.8 33.7 324 28.8 21.3 12 5.3
4-RCP85-70 5.7 9.2 16 23.9 30 34.1 34.9 33.6 30.4 22.8 134 7.4

Table 9. Climate projections of Tmin for 2031-2050s and 2051-2070s in the two RCP scenarios under
the four GCM models in Tianjin.

Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec
1-RCP45-50 —6.3 —345 263 9.77 16.23 21 242 2335 1794 1069 241 —-3.76
1-RCP45-70 —-5.2 243 3.7 10.77 16.88 2145 2478 241 1871 1144 3.32 —2.66
1-RCP85-50 —6 —-344 27 995 1651 21.71 2518 2392 1831 11.02 286 -3.13
1-RCP85-70 —4.1 —-133 472 1196 184 2326 2654 2549 20.19 13 4.65 —-1.52
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Table 9. Cont.

Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec
2-RCP45-50 —56  —337 282 1008 162 208 2422 2365 1844 1126 302  —2.79
2-RCP45-70 —4.8 —2.58 3.58 10.91 17.3 22.23 25.80 249 19.41 12.26 4.05 —1.96
2-RCP85-50 -55 —294 319 1033 1662 2142 2477 2384 185 1137 315  —286
2-RCP85-70 —4 —1.62 4.29 11.38 17.78 22.71 26.38 23.74 20.31 13.01 4.58 —1.38
3-RCP45-50 —66  —403 234 953 1593 2061 2377 2297 1772 1061  2.60 —3.56
3-RCP45-70 —6.1 —3.53 2.68 10.07 16.42 2091 2422 23.68 18.43 11.29 3.14 —-3.14
3-RCP85-50 —6.4 405 223 990 1651 21 2398 2324 182 1119 305 = —3.24
3-RCP85-70 —-5.2 —2.56 3.39 10.89 17.33 21.96 25.28 247 19.58 12.44 421 —2.09
4-RCP45-50 -57 —34 297 1047 1672 212 2439 2362 1839 1129 330  —2.64
4-RCP45-70 -5 —-2.17 4.02 11.36 17.79 22.24 25.17 24.37 19.35 12.23 3.92 —-2.30
4-RCP85-50 -53  -277 354 1084 1701 2153 2474 24 1888 1185 377  —234
4-RCP85-70 —25 0.16 6.06 12.84 18.72 23.11 26.18 25.41 20.55 13.7 5.71 0.01

Table 10. Climate projections of Tmax for 2031-2050s and 2051-2070s in the two RCP scenarios under
the four GCM models in Tianjin.

Jan Feb Mar Apr May Jun Jul Aug  Sep Oct  Nov Dec

1-RCP45-50 3.1 6.57 1324 2147 2777 3115 3269 3144 2742 2071 1153 4.88
1-RCP45-70 4.2 76 1431 2251 2840 3156 3322 3218 2821 2144 1244 5.98
1-RCP85-50 3.4 6.58 1331 21.66 28 31.87 33.62 32 2778 21.03 11.97 5.5
1-RCP85-70 5.3 8.69 1532 23.68 2992 3342 349 3357 2969 2305 1378 7.13
2-RCP45-50 3.9 647 1341 2198 2777 3074 3262 3197 2836 2199 13.12 6.51
2-RCP45-70 43 6.87 1401 2298 2912 32.68 34.87 337 2973 2356 14.57 7.31
2-RCP85-50 41 6.99 1364 21.83 2813 3159 33.02 3173 28.09 2197 1332 6.62
2-RCP85-70 5.1 790 1470 2311 2915 3269 35.02 3437 30.69 2423 1499 7.86
3-RCP45-50 2.8 598 1285 2126 2748 30.75 3221 31.05 2722 2061 11.75 5.07
3-RCP45-70 3.3 648 1328 21.82 2798 31.01 3266 3176 2793 2131 1229 5.5
3-RCP85-50 3 596 1281 21.64 2811 31.14 3242 31.32 277 21.23 12.20 3.38
3-RCP85-70 42 715 1398 22.64 28.88 32.08 33.72 3278 29.09 2246 1335 6.53
4-RCP45-50 3.6 6.78 1411 2292 29.03 32.02 3346 3245 2856 215 1225 5.74
4-RCP45-70 5.6 933 1594 2397 303 3316 3379 3259 29.07 2223 13.30 7.19
4-RCP85-50 3.7 72 1455 2317 3015 3214 3372 3267 2873 21.81 12.63 5.96
4-RCP85-70 6.5 9.99 1694 2481 3049 33.65 3503 34.04 3048 2348 14.16 8.19
Table 11. Climate projections of Tmin for 2031-2050s and 2051-2070s in the two RCP scenarios under
the four GCM models in Tanggu.

Jan Feb Mar Apr May Jun Jul Aug  Sep Oct  Nov Dec

1-RCP45-50 -515 =239 3.04 997 166 2177 25 2446 1954 12.08 3.64 —3.36
1-RCP45-70 —-4.07 —14 41 1097 1725 2223 2558 2528 2036 1285 457 223
1-RCP85-50 —481 -241 311 1015 16.86 2247 2595 2506 1991 1239 4.09 —2.73
1-RCP85-70 -297 —-133 514 1216 1872 2398 273 26.69 21.8 1445 592 -1.12
2-RCP45-50 —438 —-218 324 1021 1654 2151 24.83 2465 1998 12.63 4.24 —2.46
2-RCP45-70 —-3.64 —137 407 1110 17.68 2296 2643 2590 2097 13.66 5.33 —1.61
2-RCP85-50 —-435 —-179 36 1049 17.03 2219 2542 2485 20.06 12.78 442 —2.51
2-RCP85-70 -280 —042 477 1160 1817 2343 2699 26.73 21.85 1441 585 —1.03
3-RCP45-50 —-537 288 27 9.75 1630 21.34 2448 24.09 1933 1195 3.80 -3.11
3-RCP45-70 —484 236 316 1027 1675 21.65 2492 2475 1999 12.60 431 -2.71
3-RCP85-50 -512 282 273 1006 1679 21.64 2457 2423 1971 1247 421 —2.81
3-RCP85-70 -397 -166 386 11.03 1756 2255 2581 2566 21.08 13.69 5.33 —1.69
4-RCP45-50 —442 216 345 1065 17.07 2196 2511 2474 20.05 1273 457 218
4-RCP45-70 -372 —-089 458 1157 1816 23.06 2593 2551 21.04 13.66 522 -1.83
4-RCP85-50 —4.04 —-149 409 11.02 1733 2224 2540 2504 2044 1319 497 192
4-RCP85-70 —-120 145 659 1298 19.02 2383 2686 2649 2215 1510 691 0.44
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Table 12. Climate projections of Tmax for 2031-2050s and 2051-2070s in the two RCP scenarios under
the four GCM models in Tanggu.

Jan Feb Mar Apr May Jun Jul Aug  Sep Oct  Nov Dec

1-RCP45-50
1-RCP45-70
1-RCP85-50
1-RCP85-70
2-RCP45-50
2-RCP45-70
2-RCP85-50
2-RCP85-70
3-RCP45-50
3-RCP45-70
3-RCP85-50
3-RCP85-70
4-RCP45-50
4-RCP45-70
4-RCP85-50
4-RCP85-70

1.91 5 1131 18.67 2575 29.83 3142 3090 2679 1992 11.03 4.08
2.99 598 1237 19.68 2639 3029 3201 3172 2761 20.68 1197 5.20
225 497 1137 1886 2597 3051 3238 3150 2712 2023 11.49 471
4.09 705 1340 2086 2786 32.04 3373 3313 29.14 2231 13.32 6.32
2.79 501 1153 1912 2580 2953 31.26 31.32 2759 21.06 12.50 5.74
3.21 540 1211 2011 27.18 3148 33,53 33.02 2896 2264 1394 6.55
2.98 553 1176 1936 26.18 3032 31.74 31.12 2740 21.13 1275 5.88
4.02 642 1284 2025 2714 3144 33.63 33.69 2990 2330 14.35 7.07
1.69 450 1098 1845 2546 2941 3090 3052 2658 19.78 11.17 4.32
222 502 1142 1897 2593 2971 3135 3119 2725 2043 11.69 473
1.94 455 1097 1876 2599 2970 31.00 30.67 2698 20.32 11.60 4.63
3.10 572 1211 1973 2674 30.61 3223 3210 2835 2152 12.72 5.74
2.79 567 1247 2015 27.08 3076 3216 3192 2795 2076 11.77 5.13
4.83 824 1437 2131 2830 31.81 3253 3210 2852 2154 1290 6.66
294 6.14 1295 2041 2710 3081 3235 32.04 28 2094 12.10 5.31
5.81 9.03 154 2219 2859 3240 3373 3347 29.87 2273 13.77 7.63

3.2. SVM
3.2.1. SVM Operation

SVM is a two-class classifier. Its basic idea is to map data to a high-dimensional space
so that the separable data becomes more linearly separable and then find a hyperplane to
classify the data. This hyperplane is determined by the support vectors, which are those
points closest to the separating hyperplane. The core of the SVM method is to maximize the
classification interval in order to find the optimal hyperplane so that the distance between
positive and negative samples is maximized.

In this study, an SVM optimization code was written using Python language. The
SVM method is used to optimize the data from 2010 to 2020 simulated by LARS-WG, and
the optimized R? and RMSE are shown in Table 13.

Table 13. Calibration after SVM optimization.

Station T R? RMSE
_ Tmin 0.868 2917
Baodi Tmax 0.877 2.66
Tianjin Tmin 0.871 2.68
Tmax 0.889 2.56
Tanggu Tmin 0.893 2.47
Tmax 0.903 2.36

It can be seen from Table 13 that the R? of the lowest 2m-temperature has increased
to 0.87-0.89 and the R? of the highest 2m-temperature has increased to 0.88-0.90 and the
Tmax is better simulated than the Tmin. The simulation accuracy of the Tanggu district is
the highest followed by the Tianjin district and the Baodi district.

3.2.2. Future Climate Optimization Based on SVM

It can be seen from Tables 7-12 that the results of the three areas simulated by
ACCESS1-3 are almost at the average level of the simulation results of the four mod-
els, and the climate differences of Baodi, Tianjin, and Tanggu are not obvious. Therefore,
taking the Baodi district as an example, based on the SVM algorithm, the Tmin and Tmax
under two scenarios of RCP4.5 and RCP8.5 of 2031-2050s and 2051-2070s in ACCESS1-3
mode are optimized. It can be seen from Figure 4 that the orange line represents the SVR
optimization value and the blue line represents the LARS-WG simulation value, and the
optimized Tmax, and 2m-temperature in the two scenarios of different ages are basically
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consistent with the original simulation values. However, in terms of the maximum and
minimum values of the optimized 2m-temperature, its value is smaller and the minimum
value is larger. Under the RCP4.5 and RCP8.5 scenarios, extreme low 2m-temperatures
are more likely to occur around 2036, 2040, 2044, 2048, 2056, 2060, 2064 and 2068, and
the lowest 2m-temperature reached —20 °C. After SVR optimization, the span between
2m-temperatures becomes smaller; the lowest 2m-temperature is about —10 °C, and the
extreme low 2m-temperature is more likely to occur in 2048 and 2069. From the Tmax of
different scenarios, the extreme high 2m-temperature will occur in 2061 and, 2062 in the
RCP4.5 scenario; the 2m-temperature is as high as 40 °C. On the whole, the accuracy of the
Tmax simulated by SVR optimization is higher than that of the Tmin. Surprisingly, in the
RCP8.5 scenario, the optimized and simulated values of Tmax for 2051-2070 are very close
to each other, but the Tmax is around 30 °C. These values are repeatedly verified and give
the same results. This question will be the direction of the next research.
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Figure 4. Future climate optimized by SVM under different scenarios. RCP4.5 represents the RCP4.5
scenario and RCP8.5 represents the RCP8.5 scenario; 50 means 2031-2050s and 70 means 2051-2070s.
Note: RCP4.5 represents the RCP4.5 scenario, and RCP8.5 represents the RCP8.5 scenario; 50 means
2031-2050sand 70 means 2051-2070s; Tmin denotes the lowest 2m-temperature and Tmax the highest
2m-temperature.

4. Limitations and Outlooks

This study conducted future climate prediction under the CMIP5 climate model,
but compared to the CMIP6 climate model implemented in 2022, the prediction accu-
racy is slightly lower. In addition, this study only predicted the highest and lowest
2m-temperatures of future weather, without predicting future daily precipitation.

Predicting future climate change is crucial for predicting extreme weather, adjust-
ing crop planting times, increasing pollination rates, and ultimately, increasing yields.
Therefore, the focus of future research is to use big data, algorithm models, etc, to con-
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duct big data analysis on the massive data generated by all walks of life under the future
climate change.

5. Conclusions

In this study, LARS-WG was used to simulate the maximum, moderate, and Tmin in
the future, 2031-2050s and 2051-2070s, under two scenarios of RCP4.5 and RCP8.5 under
eight atmospheric circulation models. The SVM is used to optimize the generated future
climate data and the predicted future climate is better simulated.

(1) The Tmax R? of the LARS-WG simulation is 0.8, and the Tmin R? is 0.86-0.87. The
Tmin in Tianjin is better simulated by LARS-WG. LARS-WG simulates thefuture climate in
EC-EARTH in Tianjin.

(2) LARS-WG simulates the future climate of Tianjin. the Tmin and Tmax in the future
simulated by the EC-EARTH model is relatively low, and the Tmin and Tmax simulated by
the Had-GEM2-ES4 model is relatively high, especially in the RCP8.5 scenario, where the
Tmin and Tmax in the future simulated in the 1970s is the highest.

(3) After SVM optimization, the R? of the lowest 2m-temperature is increased to
0.87-0.89, and the R? of the highest 2m-temperature is increased to 0.88-0.90, and the Tmax
is better simulated than the Tmin. It indicates that the SVM optimization method is suitable
for future climate prediction in Tianjin.

(4) The Tmin and Tmax after SVM optimization are basically consistent with the origi-
nal simulation value, but in terms of the maximum value and minimum value of the Tmin
and Tmax optimization, the maximum value after optimization is smaller and the minimum
value is larger. This is also a problem that needs to be focused on in future research.
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