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Abstract

Meteorological observations are essential for climate modelling, prediction, early warning
systems, decision-making processes, and disaster management. These observations are
critical to societal development and the safeguarding of human activities and livelihoods.
Spatial interpolation techniques play a pivotal role in addressing gaps between observa-
tion sites, enabling the generation of continuous meteorological datasets. However, due
to the inherent complexity of atmosphere–surface interactions, no single interpolation
technique has proven universally effective in achieving consistently accurate results for
meteorological variables. This study proposes a novel interpolation model based on Fuzzy
Adaptive Optimal Fusion (FAOF). The FAOF model integrates fuzzy theory by constructing
station-specific fuzzy sets and sub-method element pools, employing a nonlinear mem-
bership function with error as the independent variable. An iterative accuracy index is
used to identify the optimal parameter combination, facilitating adaptive data fusion and
interpolation optimisation. The model’s performance is evaluated against 10 individual
methods from the method pool. Experimental results demonstrate that FAOF effectively
combines the strengths of multiple methods, achieving significantly enhanced interpolation
accuracy. Additionally, the model consistently performs well across diverse regions and
meteorological variables, underscoring its robustness and strong generalisation capability.

Keywords: spatial interpolation techniques; fuzzy function; meteorological element

1. Introduction
Meteorological disasters, such as hurricanes and floods, have had a significant impact

on socio-economic and livelihoods globally over the past decades [1], with nearly half a
million deaths and USD 2.97 trillion in economic losses between 2000 and 2019 [2], making
high-quality meteorological data essential for the development of disaster prevention
and mitigation strategies. Currently, the main methods of acquiring meteorological data
are station observations, ground-based radar observations, and satellite remote sensing
observations. As a traditional data acquisition method, station observation relies on a
network of ground-based weather stations to obtain data, but is limited by the uneven
spatial distribution of observation points and suffers from the problem of incomplete data
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coverage [3]. Although ground-based radar is beneficial for the monitoring and warning
of short-term weather events, it has limited coverage and is affected by topography, and
the accuracy of long-distance data decreases [4]. Remote sensing using meteorological
satellites has wide coverage but poor accuracy and limitations in observing low-altitude
layers and small-scale weather phenomena [5]. All these methods have limitations that
lead to insufficient spatial and temporal accuracy of meteorological data, which needs to
be improved by spatial interpolation. Therefore, spatial interpolation based on station
observations becomes an important method for obtaining meteorological data with reliable
spatio-temporal accuracy.

Spatial interpolation is a traditional method for refining meteorological data. It uses
known points in geospatial data, such as data from meteorological observation stations, to
estimate the value of an unknown point. There are two main types of spatial interpolation
methods: One is a deterministic method that constructs a fitted surface based on the degree
of similarity or smoothness between sample points to predict unknown points in the data,
such as the inverse distance weighting method [6], the trend surface method [7], and the
spline function method [8]. The other approach is the geostatistical method. This method
utilises the spatial variation patterns of sample point variables to quantify the spatial
autocorrelation between sample points. It then constructs a spatial structure model of
the sample points surrounding the target prediction point. Using this model, it predicts
values for the entire spatial region. Examples include the kriging method [9] and its
derivatives. Second-order IDW is the most efficient method for the spatial interpolation of
meteorological data in northern Turkey compared to the kriging, radial basis function, and
natural neighbourhood interpolation methods [10]. Each method has its own advantages
and disadvantages due to its different principles and characteristics, and the performance
of the same method varies under different circumstances, so there is no absolute best
method [11,12].

As computational power has increased, machine learning techniques have been ap-
plied to spatial interpolation. Supajaidee et al. (2024) developed the k-means clustering-
based Adaptive Moving Window Kriging (AMWKK) technique to solve the problem of
window selection for target points near the boundary, which is especially suitable for sparse
scenarios with similar observations [13]. In recent years, the rise of neural networks has
provided new ideas for spatial interpolation based on machine learning. Zhan et al. (2023)
combined a spatial autoregressive neural network (SARNN) with GSDNN units to construct
a generalised spatial autoregressive neural network (GSARNN) for spatial interpolation in
3D space [14]. However, applying state-of-the-art machine learning methods directly to
interpolation studies does not necessarily provide better results than simpler, long-standing
methods [15]. Appelhans et al. (2015) tested the performance of 14 machine learning
algorithms in predicting spatial temperature patterns and found that the temperature maps
generated by these algorithms were visually ambiguous [16]. Residual Kriging was found
to be the optimal solution. Although machine learning methods have been widely used for
weather forecasting, improving modelling accuracy remains challenging [17].

Recently, some studies have attempted to combine multiple methods to improve spa-
tial interpolation performance [18,19]. However, this approach has been applied sparingly
in the field of spatial interpolation [20,21]. Existing work has primarily focused on the inte-
gration of multi-source remote sensing and ground-based observations, as well as remote
sensing downscaling [22]. However, combining the advantages of multiple models can
further improve performance. Due to the complexity of atmospheric–surface interactions,
a single interpolation method cannot guarantee accuracy, so integrating different methods
can reduce errors.
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The current research gap lies in the lack of an intelligent and efficient mechanism for
multi-method integration. To address this problem, this study aims to develop an improved in-
terpolation model for the interpolation of meteorological elements by introducing an effective
mechanism that integrates multiple interpolation methods at the same time with fuzzy theory
as the core mechanism. By exploiting the advantages and reducing the limitations of a single
technique, the proposed method greatly improves the interpolation accuracy. The method is
divided into several key steps, each of which aims to systematically improve performance.
Firstly, the performance of various interpolation techniques is comprehensively evaluated;
secondly, cross-interpolation calculations are performed using real station data as a priori
information to generate the error matrix; finally, an iterative optimisation mechanism guided
by accuracy metrics is used to fine-tune the parameters to ensure optimal data fusion in an
adaptive framework. The significance of this study lies in bridging the identified gap in the
literature by establishing a more robust, accurate, and complete spatial interpolation model
for meteorological elements. By improving the accuracy of meteorological data, the proposed
model has the potential to make significant contributions to disaster preparedness, climate
research and various applied meteorological fields.

2. Methods
2.1. Fuzzy Theory

The concept of fuzzy theory emphasises the hierarchy of real life things described by
fuzzy logic and is used to compensate for the lack of descriptions of things with undefined
boundaries in classical logic. Zadeh first introduced the concept of a fuzzy set by stating
that a fuzzy set is a class of objects with a continuum of degrees of affiliation [23]. Fuzzy
theory defines the concept of fuzzy in terms of a fuzzy set. Such a set is characterised by an
affiliation function, which assigns to each object an affiliation rank between 0 and 1. For a
particular element, it can have different degrees of affiliation in different fuzzy sets.

A fuzzy set can be defined as A = {(x, F(x)) | x ∈ X, 0 ≤ F(x) ≤ 1}, where X is the
finite thesis domain, i.e., the set of elements; F(x) is the affiliation function of element x to
fuzzy set A. The affiliation function can be triangular, trapezoidal, Gaussian, etc., which
determines the distribution and shape of the elements in the fuzzy set. Among them, the
commonly used triangular affiliation function and trapezoidal affiliation function [24] are
shown in Equations (1) and (2), respectively:

F(x) =


1, x < a
b−x
b−a , a ≤ x ≤ b

0, b < x

(1)

F(x) =



x−a
b−a , a ≤ x < b

1, b ≤ x < c
d−x
d−c , c ≤ x ≤ d

0, x < a or d < x

(2)

2.2. Sub-Method Element

This paper is based on fuzzy theory and constructs a sub-method element pool. The
pool is built using previous research results on the spatial interpolation of meteorological
elements. The construction process involves comparing various aspects of each method.
These include categories, frequency of use, error assessment, stability, and computational
complexity. The methods included in the pool are listed in Table 1.
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Table 1. Overview of individual methods in the sub-method element pool.

Sub-Methodology Description

Inverse Distance Weight, IDW [6]
This method estimates the value of an unknown point through the
weighted averaging of the values of surrounding known points, with
weights inversely proportional to distance.

Ordinary Kriging, OK [25]
The semi-variance function models spatial data correlation using Best
Linear Unbiased Estimation (BLUE) to predict values at unknown
locations by leveraging spatial autocorrelation.

Co-Kriging, COK nn [25]

This kriging variant processes spatial data with multiple correlated
variables, improving interpolation accuracy by considering
cross-semi-variance and synergy between variables. In this paper,
altitude is used as the synergistic variable.

Nearest Neighbour, NN [26]
The interpolation process uses the attribute value of the nearest position
point for any estimated point and is also commonly used in
image processing.

Local Polynomial, LP [25]
This non-parametric regression technique fits a local polynomial to
smooth and capture trends in data, making it ideal for nonlinear
relationships or location-varying patterns.

Thin-Plate Splines, TPS [8]

This method, based on the physics of thin-plate bending, creates a
smooth surface by minimising bending and passing through all control
points. Widely used in image processing, GIS, and biostatistics, it models
continuous spatial variation.

Multiple Linear Regression, MLR [5]

The optimal equation is used to analyse the correlation and fit between
independent and dependent variables, helping assess the impact of
different factors. Here, latitude, longitude, elevation, slope, and slope
direction are predictors for meteorological prediction.

Random Forest, RF [27]

This ensemble learning method, based on decision trees, improves
prediction accuracy and stability by combining multiple tree results. It
handles complex spatial data and predicts unknown values through
decision tree training.

Gaussian Process Regression, GPR [28]

Gaussian Process Regression (GPR) is a machine learning method based
on Bayesian inference, assuming data are from a multivariate Gaussian
process. It provides probabilistic predictions, including mean and
uncertainty, and is well-suited for complex, noisy datasets.

Conditional Generative Adversarial
Networks, CGANs [29]

Conditional GANs (CGANs) extend GANs by introducing conditional
variables to guide the generation process. Both the generator and
discriminator receive this additional information, allowing the generator
to produce data under specific conditions. It improves model flexibility
and are widely used in image synthesis, spatial estimation, and GIS to
generate diverse, high-quality outputs.

2.3. Fuzzy Adaptive Optimisation Fusion Model

Most of the current research tends to apply and improve the established interpola-
tion methods individually and lacks the integrated application of multiple interpolation
methods. The fusion of multi-source data information and the integrated use of mul-
tiple interpolation methods can be a research idea. Based on this, this paper proposes
an interpolation model based on Fuzzy Adaptive Optimisation Fusion (FAOF). In this
model, the weather station sites in the study area are considered a fuzzy set P, and several
sub-methods method1, method2, . . . are its domain M. The set of elements is denoted as
M = {method1, method2, · · · , methodm}. The sub-method elements have incomplete af-
filiation (incomplete applicability) to each site fuzzy set P. The degree of affiliation is not
just non-zero or one as in the case of the classical set, but between 0 and 1. The fuzzy set of
weather stations can be expressed as

Pi = {(method1, Fi(method1)), · · · , (methodm, Fi(methodm))}
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where i denotes the site number, and Fi(methodm) is the affiliation function that repre-
sents the affiliation of the sub-method element methodm in the i-th fuzzy set. The FAOF
technology flowchart is shown in Figure 1, and the implementation process is as follows.

Figure 1. Flowchart of the technique for the interpolation of meteorological elements using FAOF.
(A) is the K-fold crossover for accuracy ranking. (B) is the sub-method for selecting the optimal
number of elements m̃. (C) is the interpolation for value data fusion based on the target points of the
m̃ optimal elements.

Step 1: Meteorological observations from n measured stations in the study area were
validated by k-fold cross-interpolation using the methods within the pool of sub-method
elements, respectively, and the interpolation methods were ranked in terms of accuracy
based on the relevant assessment metrics.

Step 2: According to the sorting result, select the sub-method element with accuracy sorted
in the top m as the sub-method element to be selected method1, method2, · · · , methodm, where
the initial value of m is set to 2. From the n measured sites, one site is selected as the site to
be interpolated, while the remaining n − 1 sites are used as reference sites. Interpolation
calculations are performed using m to-be-selected sub-method elements, respectively, to
obtain the interpolation result of each to-be-selected sub-method element on the current
to-be-interpolated site, and the process is performed iteratively until the interpolation
operation is completed for each measured site, obtaining the interpolation result of the
m to-be-selected sub-method elements at each measured site. The interpolation results
are compared with the meteorological measured data of n real stations, respectively, to
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obtain the root mean square error of the meteorological element series of each to-be-selected
sub-method element at each real station, which is given by Equation (3):

Ri[methodj] =

√√√√√∑li
r=1

(
yobs(r)

i − y
methodj(r)
i

)2

li
(3)

where Ri[methodj] denotes the root mean square error value of the meteorological element
series of the j-th sub-method element to be selected at the i-th measured station, and li
denotes the length of the series at a certain period of time at the i-th measured station. yobs(r)

i

and y
methodj(r)
i denote the r-th measured value in the sequence of the i-th measured site and

the corresponding estimate obtained by interpolating the j-th sub-method element to be
selected, respectively. Based on the root mean square error values of the meteorological
element series of the m to-be-selected sub-method elements at the n measured stations, the
error matrix is obtained, which is expressed as

R[method] =


R1[method1] R1[method2] · · · R1[methodm]

R2[method1] R2[method2] · · · R2[methodm]
...

...
. . .

...
Rn[method1] Rn[method2] · · · Rn[methodm]

 (4)

where R[method] denotes the error matrix, and Rn[methodm] denotes the root mean square
error value of the meteorological element series at the nth measured station for the m-th
sub-method element to be selected. In the spirit of following the classical fuzzy theory
specification requirements and combining the characteristics of spatial interpolation, the
parametric nonlinear negative correlation affiliation function with error as the independent
variable is designed, and the calculation formula is

Fi(methodj) = exp(−bRi[methodj]) (5)

where Fi
(
methodj

)
denotes the value of the affiliation function of the j-th sub-method

element to be selected at the ith measured site, Fi
(
methodj

)
∈ [0, 1]. b denotes the control

factor, which is used to control the slope decay rate. The initial value of b is set to 1, and
the optimal value is searched by grid search, with a search step of 0.1 and b < 200. The
fuzzy affiliation matrix is constructed based on the values of the affiliation function, which
is expressed as

F(method) =


F1(method1) F1(method2) · · · F1(methodm)

F2(method1) F2(method2) · · · F2(methodm)
...

...
. . .

...
Fn(method1) Fn(method2) · · · Fn(methodm)

 (6)

where F(method) denotes the fuzzy affiliation matrix. Fn(methodm) denotes the value of the
affiliation function of the m-th sub-method element to be selected at the nth measured site.

Step 3: Based on the fuzzy affiliation matrix, the matrix of weight coefficients based
on affiliation is calculated based on the fuzzy rules and elemental affiliation. The ma-
trix consists of affiliation-based weighting coefficients for each sub-method element to
be selected at each measured site, with the weighting coefficients calculated using the
following formula:

Wi(methodj) =
Fi(methodj)

∑m
j=1 Fi(methodk)

(7)
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where Wi
(
methodj

)
denotes the affiliation-based weight coefficient of the j-th to-be-selected

sub-method element at the i-th measured site, and

m

∑
j=1

Wi(methodj) = 1 (8)

The subordination-based weight coefficients of the m to-be-selected sub-method elements
at the n measured sites are then formed into a matrix form with the following expression:

W(method) =


W1(method1) W1(method2) · · · W1(methodm)

W2(method1) W2(method2) · · · W2(methodm)
...

...
. . .

...
Wn(method1) Wn(method2) · · · Wn(methodm)

 (9)

where W(method) denotes the matrix of weight coefficients based on affiliation, and
Wn(methodm) denotes the weight coefficients based on the affiliation of the m-th sub-
method element to be selected at the nth measured site.

Step 4: The interpolation results obtained in Step 2 are combined with the affiliation-
based weight coefficient matrix obtained in Step 3 for the fusion of the interpolated data
from the measured sites. In comparing the fused data of each real site with the correspond-
ing real data, the precision indices of the m to-be-selected sub-method elements in the
study area are obtained. In order to obtain the precision index, the interpolated data from n
real measurement sites are first fused with the following specific formula:

Ŷi =
m

∑
j=1

Wi(methodj)× Y
methodj
i (10)

where Ŷi denotes the fusion data of the i-th measured site, Y
methodj
i denotes the inter-

polation result of the j-th sub-method element to be selected at the i-th measured site,
i = 1, 2, ..., n. Then, the fused data of each measured site are compared with the correspond-
ing measured data to obtain the accuracy index of m to-be-selected sub-method elements
after interpolated fusion based on the affiliation weight coefficients, which are given by
Equations (11) and (12):

λ =
∑n

i=1
1
Ri

n
(11)

Ri =

√
∑L

t=1
(
ot

i − Ŷt
i
)2

L
(12)

where λ denotes the accuracy index, Ri denotes the serial root mean square error between
the fused data at the i-th measured site and the corresponding measured data, Oi

l and Ŷl
i

denote the l-th measured value and the corresponding interpolated fusion value in the data
sequence of the i-th measured site, respectively, and L denotes the length of the computed
sequence. The accuracy index λ is used as a judgement index for the overall effect, with the
aim of determining parameters m̃ and b̃. A larger λ indicates a higher degree of accuracy.

Step 5: λ = λmax, where λmax denotes the maximum value of the precision index.
This indicates that the subordination function controlled by the current control factor b
performs optimally and achieves the maximum value of the accuracy index under the
corresponding m. The grid search is complete, at which point the value of b is the optimal
value of the control factor b̃ for the number of elements m of the sub-method to be selected
at the moment. The number of elements m of the sub-method to be selected is updated,
m = m + 1, and Step 2–Step 4 are repeated. If the maximum value of the accuracy index
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obtained at this point is improved compared to that before the update, then increase the
number of sub-method elements to be selected by one more and repeat Step 2–Step 4 again
until dλmax

dm ≤ 0. This indicates that the maximum value of the accuracy index λmax under
the optimal value b̃ control calculation no longer increases with the increasing number of
sub-method elements m to be selected. Then, the iteration of Step 2–Step 4 is stopped, at
which time the number of sub-method elements to be selected m minus 1 is the number of
optimal sub-method elements m̃.

Step 6: Using method1, the method element with the first order of accuracy in Step 1,
spatial interpolation is performed based on the affiliation function values of the m̃ optimal
sub-method elements at each measured site to obtain the affiliation function values of the
m̃ optimal sub-method elements at each target site.

Step 7: From the value F̃s

(
method j̃

)
of the affiliation function at the target site obtained

in Step 6, the affiliation weight coefficients of the m̃ optimal sub-method elements at each
target site are computed, as specified in the following equation:

W̃s

(
method j̃

)
=

F̃s

(
method j̃

)
∑m̃

j̃=1
F̃s

(
method j̃

) (13)

where W̃s

(
method j̃

)
denotes the affiliation weight coefficient of the j̃-th optimal sub-method

element at the s-th target site,
m̃

∑
j̃=1

W̃s

(
method j̃

)
= 1 (14)

F̃s

(
method j̃

)
denotes the value of the affiliation function of the j̃-th optimal sub-method

element at the s-th target site, s denotes the target site label, and j̃ denotes the label of the
optimal sub-method element, j̃ = 1, 2, · · · , m̃.

Step 8: The target sites are interpolated with m̃ optimal sub-method elements using
n measured site data, respectively, and the spatial interpolation results of each optimal
sub-method element at each target site are obtained. Then, based on the affiliation weight
coefficients W̃s

(
method j̃

)
of the m̃ optimal sub-method elements obtained in Step 7 at each

target site, combined with the spatial interpolation results of the m̃ optimal sub-method
elements at each target site, the interpolated fusion data Ẑs of the target site are obtained
though the weighting operation, and the specific formula is

Ẑs =
m̃

∑
j̃=1

W̃s

(
method j̃

)
× Z

method j̃
s (15)

where Ẑs denotes the interpolated fusion data at the s-th target site, and Z
method j̃
s denotes

the interpolation result of the j̃-th optimal sub-method element at the sth target site.
At this point, the fuzzy adaptive optimisation-based interpolation fusion result at the

target site is obtained.

2.4. Performance Evaluation Indicators

Since the true surface of the interpolated variables is unknown, it is necessary to
evaluate the accuracy of each technique in order to provide a fair assessment of the proposed
methodology [30]. Cross-validation is used to assess the estimation of the interpolated
points based on the initial observations and is a common technique used to evaluate the
interpolation results [31]. In this study, the leave-one-out method was used as the CV
method (LOOCV), which means that for N weather sites, there will be N training and
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testing sessions. One weather site is left as the test set each time, and each site is rotated as
the test set, while the data from the other N-1 sites are used as the training set. LOOCV uses
all possible combinations of training/testing data to maximise the use of the available data,
and can provide very detailed information about the model performance. The following
accuracy metrics were used for the accuracy testing and performance evaluation of the
interpolation methods covered in this paper:

RMSE =

√
1
n

n

∑
i=1

(Z(si)− O(si))
2 (16)

MAE =
1
n

n

∑
i=1

|Z(si)− O(si)| (17)

R2 = 1 − ∑n
i=1(O(si)− Z(si))

2

∑n
i=1(O(si)− Ō)2 (18)

RB =
∑n

i=1|Z(si)− O(si)|
∑n

i=1|O(si)|
× 100 (19)

where i is the prediction time and n is the length of the prediction interval; O(si) and Z(si)

denote the actual observations and interpolated estimates of meteorological stations at
time i, respectively; and O is the mean of the observations. In addition, RMSE and MAE
need to be normalised in order to explore the differences in RMSE and MAE between
seasons [32]. The normalised RMSE (NRMSE) and normalised MAE (NMAE) are given
by the following equations:

NRMSE =
RMSE

SDseason
(20)

NMAE =
MAE

SDseason
(21)

where SDseason is the standard deviation of the actual observed data for each season.

3. Data
3.1. Study Area

In order to ensure a more accurate validation and assessment of the spatial interpolation
method of meteorological elements, three subregions in mainland China, namely Jiangsu,
Xizang, and Neimenggu, were evenly selected as the study areas (Table 2 and Figure 2). These
subregions exhibit significant regional differences in altitude, topography, geomorphology,
and climate. Such variability enhances the robustness testing of the methodological model
and facilitates the assessment of its general adaptability.

This paper focuses on the interpolation study of daily mean temperature in Jiangsu
and Xizang, and the daily mean wind speed in Jiangsu and Inner Neimenggu was selected
for the interpolation study. Figure 3 shows the distribution of meteorological stations in
Jiangsu, Xizang, and Neimenggu.
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Table 2. Location and characteristics of the study area.

Area Specific Location Features

Jiangsu
Located in the eastern coastal area of
China, between 116°18′ and 121°57′ E,
30°45′ and 35°20′ N.

Lower altitude, mainly plains, flat and open. The
climate is mainly subtropical monsoon, with four
distinct seasons, hot and humid summers and cold
and dry winters.

Neimenggu
Located in the northern part of China,
straddling the northern border, between
97°12′ and 126°04′ E, 37°24′ and 53°23′ N.

Higher altitude and diverse terrain, including
mountains, plains, grasslands and deserts. The
climate varies markedly, divided mainly into cold
arid climate and temperate continental climate, with
a more pronounced temperature difference between
day and night.

Xizang

Located in the southwestern part of China,
it is the largest administrative region in
China, between 78°25′ and 99°06′ E, 26°50′

and 36°53′ N.

At an extremely high altitude, the terrain is
dominated by plateaus, mountains, basins, and river
valleys. The climate is mainly highland, dry, and
cold. Oxygen is scarce under the influence of high
altitude, the temperature difference between day
and night is large, sunshine is abundant, and
precipitation is mainly concentrated in summer.

Figure 2. Geographic location of the study area, covering three provinces in China, including
(a) Neimenggu, (b) Xizang, and (c) Jiangsu.

Figure 3. Spatial distribution of meteorological stations in Jiangsu, Xizang, and Neimenggu.
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Figure 4 analyses the average daily temperature data of the past 20 years through
frequency histograms and cumulative curves, revealing the characteristics of the temper-
ature distribution in Jiangsu and Xizang. Jiangsu has a milder temperature distribution
with fewer extreme weather events, with a mean temperature of 15.8 °C and a median
temperature of 14.0 °C. In contrast, Xizang has a steeper temperature distribution with
larger temperature fluctuations and more cold days, with a mean temperature of 5.5 °C and
a median temperature of 3.3 °C. Xizang has a steeper temperature distribution with larger
temperature fluctuations and more cold days. Similarly, the T10 and T90 values show a
concentration of high temperatures in Jiangsu and a wider distribution of low temperatures
in Xizang. These differences highlight the significant differences in temperature conditions
between the two sites and provide an ideal basis for testing the adaptability of the FAOF
interpolation method.

Figure 4. Histogram and cumulative curve of frequency distribution of daily average temperature
data from 2000 to 2018 at meteorological stations in Jiangsu and Xizang.

Figure 5 shows the statistical analysis of daily mean wind speed data for all stations in
Jiangsu and Neimenggu for the past two decades. The average wind speed in Jiangsu is
2.2 m/s, with a maximum value of 15.7 m/s. The average wind speed in Neimenggu is
2.8 m/s, with a maximum value of 17.2 m/s. Jiangsu is located on the eastern coast, with a
flat terrain, and is close to the ocean; thus, the wind speed is lower. Neimenggu is located in
the north of China with extensive grasslands and plateaus, which promotes the formation
of strong winds and a higher range of wind speeds. W10, W50, and W90 represent the
values of the daily mean wind speeds at a cumulative frequency of 10%, 50%, and 90%,
respectively. These markers show the trend of the wind speed distribution and frequency
of occurrence, providing a basis for understanding and predicting wind speed variations in
these two regions. The wind speed interpolation studies in Jiangsu and Neimenggu reveal
the differences between coastal and inland wind speed distributions and also point out the
challenges of interpolation methods in these regions.
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Figure 5. Histogram and cumulative curve of frequency distribution of daily average wind speed
data from 2000 to 2018 at meteorological stations in Jiangsu and Neimenggu.

3.2. Dataset

The data required in this study mainly involve meteorological observation data and
elevation topographic data.

The meteorological observation data were obtained from the daily value dataset of
China’s surface climate data from 1951 to 2018, and the daily value data were recorded from
12:00 of the previous day to 12:00 of the current day. The dataset used in this study contains
a total of 2480 meteorological stations in China, which cover a variety of meteorological
elements, such as barometric pressure, air temperature, relative humidity, wind speed,
etc. The dataset was selected for the analysis in three subregions: Jiangsu, Xizang, and
Neimenggu. Stations in the three subregions, Jiangsu, Xizang, and Neimenggu, were
selected for the analysis; specifically, there were 70 stations in Jiangsu, 30 stations in Xizang,
and 119 stations in Neimenggu.

Since the spatial distribution characteristics of temperature and wind speed are impor-
tant reference values for many fields, temperature and wind speed were selected as the
research objects to study the interpolation accuracy of the model. Meanwhile, air tempera-
ture and wind speed present different challenges in spatial interpolation, respectively, and
using them as objects can also test the applicability of the model in different regions.

In order to ensure the data quality, this study firstly examined the homogeneity of
the data, used the sliding t-test to identify the potential mutation points, and revised the
bias caused by non-climatic factors through a combination with the observation logs, so
as to reduce the interference of non-climatic factors and ensure the accuracy of the data.
Meanwhile, the completeness of the air temperature and wind speed data at the three
regional stations is above 95%, and the missing values are interpolated with the mean
values of the neighbouring stations to ensure the continuity of the time series.

A Digital Elevation Model (DEM) represents the basic level of information for extract-
ing terrain feature information, and 30 m elevation data from NASADEM were used in
this study. These data were released in February 2020 and were reprocessed data from
the original SRTM (Shuttle Radar Topography Mission) sensor observations, and the data
quality was significantly improved over SRTM.

4. Results and Discussion
4.1. Performance of the Interpolation Method for Surface Temperature

Temperature is a key factor in determining the balance of ecosystems on Earth, affect-
ing agricultural production and human health. It is directly related to energy demand and
climate change management. In this study, interpolation experiments were carried out on
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temperature data to test the combined performance of each single method and FAOF on
temperature elements.

4.1.1. Analysis of the Overall Situation

Figure 6 presents the results of a leave-one-out cross-validation performance evalua-
tion for multiple interpolation methods, including the ten methods discussed and FAOF,
applied to the daily mean air temperatures in Jiangsu and Xizang. For Jiangsu, the boxplots
of the RMSE (Figure 6a) and MAE (Figure 6b) show that the FAOF method outperforms the
other interpolation methods. It demonstrates improvements in both mean error (depicted
by the folded line) and median error (indicated by the short line in the box), with a lower
error distribution. The R² value (Figure 6c) is also higher for FAOF, suggesting a better
fit. The results for Xizang (Figure 6d–f) reveal a wider error range and greater variability
compared to Jiangsu. This difference is attributed to the region’s complex topography and
extreme climatic conditions. Despite these challenges, the FAOF method still produces
superior interpolation results, with more concentrated error distributions for RMSE and
MAE, and stable R² values. The contrasting performance between the two regions high-
lights the sensitivity of different interpolation methods to varying climatic and topographic
features. For instance, the high altitude and variable climate in Xizang may lead to larger
errors for single methods like OK and NN. In contrast, the flat terrain and relatively sta-
ble climate of Jiangsu favour the performance of these methods. In summary, the FAOF
method demonstrates its general applicability and superiority in interpolation across two
geographically and climatically diverse regions. These results underscore the potential of
FAOF methods to integrate multiple interpolation techniques and adaptively optimise their
fusion for meteorological data interpolation in different regions.

Figure 6. Plot of leave-one-out cross-validation results for each method in temperature interpolation
applications, where the scatter points are the error cases for each site that make up the respective
boxes, the upper and lower boundaries of each box are the upper and lower quartiles, the short line
in the middle is the median, and the folded line in the plot is the mean connecting line.

Table 3 shows the statistical results of the relative bias (RB) for each interpolation
method at the two meteorological stations. For Jiangsu, the maximum RB of the FAOF
method is similar to that of the IDW and CGANs methods. However, FAOF achieves the
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lowest average RB of 2.6%, indicating a trend of relatively small overall errors across all
stations. This result aligns with the lower RMSE and MAE and higher R² values observed in
the previous boxplots (Figure 6), confirming that FAOF provides higher overall prediction
accuracy in Jiangsu. In Xizang, FAOF also shows a lower mean RB of 17.7%, significantly
lower than most other methods, especially MLR, LP, and GPR, which have higher mean RB
values of 34.7%, 35.4%, and 36.9%, respectively. FAOF also has the lowest minimum RB
value of 6.9% in Xizang, further reinforcing its superiority in estimating temperature data
for this region. Overall, these statistical results are consistent with the previous boxplot
analysis. This consistency reinforces the general applicability of FAOF and highlights its
superiority in the spatial interpolation of meteorological elements. Compared to traditional
single-interpolation methods, FAOF performs better in regions with diverse climatic and
topographic conditions. Specifically, FAOF provides more accurate and robust predictions
under complex and variable climatic conditions.

Table 3. RB statistics for the method discussed above are provided for each site. These statistics
include the maximum and minimum RB values observed at each site, as well as the average RB value.
Relative bias quantifies the magnitude of the error in relation to the actual values, thereby reflecting
the degree of discrepancy between the predicted and observed values.

Area RB (%) IDW OK COK NN LP TPS MLR RF GPR CGANs FAOF

Jiangsu
Max 7.7 8.9 8.6 9.1 12.4 8.3 8.9 8.1 9.1 7.8 7.7
Min 1.6 1.8 1.7 2.1 2.6 1.6 1.9 1.5 1.8 1.6 1.4

Mean 3.1 3.2 3.3 3.5 5.9 2.9 3.4 2.9 3.3 3.0 2.6

Xizang
Max 91.4 87.5 83.8 82.1 84.2 98.3 127.4 74.3 133.2 92.5 74.3
Min 8.6 13.6 7.4 7.2 13.9 9.7 12.3 8.9 13.6 8.1 6.9

Mean 31.1 33.7 26.0 34.1 35.4 26.0 34.7 24.0 36.9 31.9 17.7

Figure 7 shows the error reduction rate of the FAOF method compared to several
better-performing interpolation methods (as demonstrated in Figure 6 and Table 3) at
the Jiangsu and Xizang meteorological stations. The error reduction rate is calculated
by determining the percentage difference in RMSE between the FAOF method and other
methods at the same station. In Jiangsu, the FAOF method significantly reduces errors
compared to single-interpolation methods like RF, CGANs, TPS, COK, and IDW. FAOF
achieved an error reduction rate of over 30% at some sites when compared to COK and
TPS, while the error reduction rate was still notable, though lower, when compared to
RF, CGANs, and IDW. In Xizang, where the terrain is more complex, FAOF performs
even better. In particular, when compared with CGANs and IDW, the error reduction rate
exceeds 50% at some sites. These findings confirm that FAOF can effectively enhance the
accuracy and adaptability of interpolation. By scientifically integrating and adaptively
adjusting the multiseeded method elements, FAOF addresses the spatial interpolation
challenges of complex temperature data.

Figure 7. Cont.
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Figure 7. FAOF error reduction rate compared to RF, CGANs, TPS, COK, and IDW at each site in
both locations, with the RMSE as an example to calculate the reduction rate, which is measured by
calculating the percentage difference in the RMSE between the FAOF method and the other methods
at the same site.

4.1.2. Performance in Different Seasons

The seasonal performance of various interpolation methods for temperature estimation
in Jiangsu and Xizang is shown in radargrams (Figure 8). In Jiangsu, the NRMSE and
NMAE values for FAOF remain consistently low across all seasons. The R² values also
exhibit high stability, indicating a strong agreement between the predicted values and
actual observations. This reflects the relatively mild climate and the high stability and
continuity of temperature data in Jiangsu, which provides uniform testing conditions for
the interpolation methods. In Xizang, FAOF continues to perform well throughout all
seasons, despite significant seasonal temperature fluctuations due to the region’s unique
geographical location and high altitude. Notably, in winter, FAOF maintains a strong R²
value compared to other interpolation methods, even as the NRMSE and NMAE values
fluctuate due to extremely low temperatures and sparse observational data. These results
demonstrate that FAOF is highly adaptable and accurate in predicting temperature under
complex climatic conditions in Xizang.

The consistent performance of FAOF in these analyses highlights its effectiveness
in incorporating elements of multiseed methods for spatial interpolation in an adaptive
manner. The results of this study are academically important for further exploring the
potential application of FAOF in regions with significant seasonal variations and provide
strong evidence of its superiority in the processing of complex meteorological data.
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Figure 8. Performance of the methods on different seasons in the two locations, where the normalised
root mean square error (NRMSE) and normalised mean absolute error (NMAE) provide a measure of
uniformity on the original basis.

4.2. Performance of Wind Speed Interpolation

Wind plays an important role in reducing dependence on fossil fuels and lowering
greenhouse gas emissions. In this section, we compare the comprehensive performance
of a single method with the FAOF method on wind speed elements through wind speed
data interpolation experiments. Wind speed interpolation is crucial for understanding
meteorological conditions, especially in windy coastal and inland plateau regions.

4.2.1. Analysis of the Overall Situation

This section presents a detailed experimental study of daily mean wind speed inter-
polation in Jiangsu and Neimenggu. The aim is to enhance the understanding of spatial
distribution interpolation for meteorological elements. The performance of each inter-
polation method was compared with that of FAOF in two regions using leave-one-out
cross-validation. The results are analysed using boxplots (Figure 9) and RB (Table 4). In
Jiangsu, the boxplots reveal a more compact error distribution compared to in Neimenggu.
This is likely due to Jiangsu’s smaller daily wind speed variation and the stable influence
of monsoons. In contrast, Neimenggu shows a wider error distribution, reflecting its more
pronounced wind speed volatility. FAOF outperforms other methods in both regions. How-
ever, the overall performance of all interpolation methods is significantly lower than in the
case of temperature. Specifically, the wind speed interpolation shows poor goodness of fit
(R²) compared to the high R² values in the temperature case. This highlights the challenges
of wind speed data interpolation. The irregular and highly fluctuating nature of wind
speeds often leads to large prediction errors. Conventional methods struggle to accurately
capture and represent these extremes. Despite these challenges, FAOF demonstrates its
potential in handling complex meteorological data. However, the high nonlinearity and
frequent extremes of wind speed limit its accuracy. Even with fuzzy adaptive optimisation,
the method does not achieve the same level of precision as in temperature interpolation.
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Figure 9. Plot of leave-one-out cross-validation results for each method in wind speed interpolation
applications, where the scatter points are the error cases for each site that make up their respective
boxes, the upper and lower boundaries of each box are the upper and lower quartiles, the short line
in the middle is the median, and the folded line in the plot is the mean connecting line.

Table 4. List of the relative bias RB statistics for the above methods at each site, showing the largest
and smallest RB values as well as the average RB values for each site.

Area RB (%) IDW OK COK NN LP TPS MLR RF GPR CGANs FAOF

Jiangsu
Max 53.2 55.4 61.5 88.3 57.5 74.7 54.1 62.9 55.0 53.4 53.2
Min 14.3 14.9 15.6 19.5 15.6 17.1 14.6 15.4 14.8 14.5 14.1

Mean 22.5 22.6 24.1 28.9 24.5 27.3 22.3 23.7 21.9 22.4 20.4

Neimenggu
Max 73.7 93.8 77.3 113.5 101.7 131.3 111.0 77.4 90.6 73.7 57.6
Min 16.6 19.5 17.3 20.2 21.0 19.1 20.8 16.4 20.8 16.2 16.0

Mean 31.4 35.6 32.8 39.4 39.0 40.5 37.7 31.5 36.1 31.2 28.2

4.2.2. Performance in Different Seasons

The seasonal wind speed interpolation analyses in Jiangsu and Neimenggu highlight
the superior performance of FAOF methods. This is evident from the NRMSE, NMAE, and
R² radargrams (Figure 10). In Jiangsu, the interpolation performance varies significantly
between seasons. NRMSE and NMAE values are lower in spring and summer, aligning
with cyclical wind speed changes driven by the monsoon climate. In contrast, wind speed
interpolation in Neimenggu shows greater error fluctuations. These are caused by the
region’s complex topography and climatic variations. FAOF consistently outperforms
traditional approaches, such as IDW, OK, and NN. They deliver lower NRMSE and NMAE
values and higher R² values across seasons. However, despite their overall superior perfor-
mance, all methods struggle to achieve the high accuracy seen in temperature interpolation
tasks. This reflects the challenges posed by the unique stochastic and intermittent nature of
wind speed. The issue is especially pronounced in regions like Neimenggu, where wind
speed fluctuations are significant.
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Figure 10. Performance of the methods on different seasons in the two locations, with the normalised
root mean square error (NRMSE) and normalised mean absolute error (NMAE) providing a measure
of uniformity on the original basis.

Some studies [33] show that spring is the windy season for Jiangsu and Neimenggu,
with higher average daily wind speeds compared to other seasons. In Neimenggu, spring
is known as the “windy season,” often accompanied by severe sandy weather. In Jiangsu,
spring winds are influenced by monsoon systems and air pressure changes, leading to
significant increases in wind speed. These seasonal characteristics are particularly relevant
in wind speed interpolation.

To investigate the performance of single methods and FAOF in spring wind speed
interpolation, data from the last three years at two meteorological stations were analysed.
Validation results (Figure10) guided the selection of well-performing methods, and scatter
density maps (Figures 11 and 12) were created to compare interpolation accuracy visually.
These plots show how well different methods and FAOF match observed data. Data
clustering around the regression line and proximity to the red 1:1 line indicate interpolation
accuracy. Tightly clustered points signify accurate predictions, while wider distributions
highlight larger discrepancies.

The analysis reveals varying method performance. IDW has moderate accuracy in
both regions but struggles with Neimenggu’s strong wind speed variability in spring.
OK performs well in Jiangsu but lacks accuracy in Neimenggu. COK and GPR exhibit
large point dispersions, deviating from the 1:1 line, indicating limitations with high wind
speed variability. CGANs and RFs show compact data distributions along the regression
line but still have room for improvement in RMSE and RB values. FAOF demonstrates
optimal performance in both regions. In Neimenggu, it achieves the lowest RMSE, smallest
RB, and highest R², showcasing significant accuracy and consistency. FAOF combines
the strengths of multiple interpolation methods, with its embedded affiliation function
enhancing sensitivity to error fluctuations. The adaptive adjustment of method counts and
weights effectively mitigates limitations of single methods when addressing extreme wind
speed changes.

In summary, FAOF provides high accuracy and consistency in processing wind speed
data. This is especially critical for spring, when monsoons are active, and high-wind events
occur frequently, supporting more accurate wind speed predictions.
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Figure 11. Interpolated scatter density plots of spring wind speeds in Jiangsu for the last three years
for several better performing methods (Figure 10): the red 1:1 line represents the ideal state where the
predictions are in perfect agreement with the observations, while the black regression line shows the
trend of the interpolated predictions. The degree of clustering of data points around the regression
line and their deviation from the red 1:1 line show the accuracy of the interpolation method.

Figure 12. Interpolated scatter density plots of spring wind speeds in Neimenggu for the last
three years for several of the better performing methods (Figure 12): the red 1:1 line represents the
ideal state where the predictions are in perfect agreement with the observations, while the black
regression line shows the trend of the interpolated predictions. The degree of clustering of data
points around the regression line and their deviation from the red 1:1 line show the accuracy of the
interpolation method.
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5. Conclusions
In this paper, a new fusion model, FAOF, is proposed for the spatial interpolation of

meteorological data, focusing on two key variables, temperature, and wind speed. The
method has been extensively tested with measured data from meteorological stations and
evaluated in several regions to improve and validate the interpolation accuracy. The main
findings are as follows:

(1) Improved Accuracy: The FAOF method consistently outperforms the single-interpolation
method for temperature and wind speed. It demonstrated high accuracy and consistency.
This success is due to FAOF’s ability to reduce the limitations of individual methods
while integrating their strengths.

(2) Element-Specific Performance: All methods showed better goodness of fit for tem-
perature, with R² values closer to 1. This is attributed to the element’s continuity and
smoothness. In contrast, wind speed exhibited lower coefficients of determination
due to its fluctuating nature.

(3) Adaptive Capabilities: The FAOF model demonstrated adaptability to diverse meteo-
rological elements. This reflects the model’s flexible design and ability to optimise for
varied data characteristics.

The significance of this study lies in improving the accuracy and reliability of meteoro-
logical interpolation. FAOF offers a valuable tool for meteorological analysis in data-sparse
regions. It provides new perspectives for studies on disaster warnings and resource assess-
ments. Despite its strong performance, FAOF may require further parameter tuning for
different regions and data types. For instance, the fluctuating and intermittent character
of wind speeds requires additional adjustments. Enhancements may include improving
sensitivity to small-scale spatial variability, introducing atmospheric circulation factors,
and integrating finer-scale topographic parameters.
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Abbreviations
The following abbreviations are used in this manuscript:

FAOF Fuzzy Adaptive Optimal Fusion;
RMSE Root Mean Square Error;
MAE Mean Absolute Error;
RB Relative Bias;
NRMSE Normalised Root Mean Square Error;
NMAE Normalised Mean Absolute Error;
IDW Inverse Distance Weighting;
OK Ordinary Kriging;
COK Co-Kriging;
NN Neural Network;
LP Linear Programming;
TPS Thin-Plate Spline;
MLR Multiple Linear Regression;
RF Random Forest;
GPR Gaussian Process Regression;
CGANs Conditional Generative Adversarial Networks.
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