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Abstract: With the development of mathematical statistics, people have developed the spatiotempo-
ral interpolation methods based on the spatial interpolation method or the temporal interpolation
method. These methods fully consider the comprehensive effects of time series changes and spatial
distribution to better handle complicated and changeable meteorological element data. This article
systematically reviews the current research progress of spatiotemporal interpolation methods for
spatiotemporal sampling data of meteorological origin. Spatiotemporal interpolation methods of
meteorological elements are classified into three categories: spatiotemporal geostatistical interpo-
lation methods, spatiotemporal deterministic interpolation methods, and spatiotemporal mixed
interpolation methods. This article summarizes the theoretical concept and practical application
of the spatiotemporal interpolation methods of meteorological elements, analyzes the advantages
and disadvantages of using spatiotemporal interpolation methods for estimating or forecasting
meteorological elements, combined through some measures and their application to explain the
accuracy of the spatiotemporal interpolation methods; and discusses the problems and challenges
of spatiotemporal interpolation. Finally, the future research focus of spatiotemporal interpolation
methods is proposed. This article provides a valuable method reference for estimating or predicting
meteorological elements such as precipitation in unsampled points.

Keywords: meteorological element; spatiotemporal interpolation method; spatiotemporal geostatistics
interpolation; spatiotemporal deterministic interpolation; spatiotemporal mixed interpolation

1. Introduction

The scientific community is becoming more and more concerned with the topic of global
climate change and its repercussions [1,2]. Conventional meteorological element data mostly
depend on station observation [3]. However, since there are not sufficient meteorological
observation stations as there should be in light of topographical factors, economic factors, and
technical limitations, meteorological element data are typically unavailable in many locations,
and this has an impact on people’s judgment and decision-making.

To address these issues, researchers typically use and mine the temporal or spatial
autocorrelation of meteorological elements, as well as the temporal or spatial correlation
between meteorological elements and auxiliary variables based on particular mathematical
frameworks and generate the raster data that are continuous and cover the whole region by
predicting the whole study area through the data of the sample points in the study area [4].
For time series of climatic elements, common interpolation techniques include the autore-
gressive model, moving average model, generalized summation model, etc. Nevertheless,
these approaches severely lack the ability to characterize the geographical distribution of
meteorological parameters and neglect their spatial structure and continuity [5]. Spatial
interpolation is typically categorized as either deterministic or geostatistical [6]. The geosta-
tistical interpolation methods primarily comprise kriging interpolation [1] and stochastic
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simulation [7]. The deterministic spatial interpolation comprises the Tyson polygon, in-
verse distance weight method, trend surface, multiple regression method [8], polynomial
interpolation, and spline function. There is no definitive standard model for the spatial
interpolation method of meteorological factors because topography and station distribution
vary so much [9]. This method only considers the spatial relationship between sampled
and unsampled points in the study area, or the spatial relationship between meteorological
observation stations and the points to be estimated; it does not consider the temporal
correlation of the meteorological factors, meaning that historical data on meteorological
factors cannot be used to judge meteorological factors in the present or the future.

Meteorological element observations, such as temperature, humidity, and precipita-
tion, are examples of typical spatiotemporal data that exhibit high temporal and spatial
correlations. Researchers currently often consider space and time separately when interpo-
lating and evaluating meteorological element data [10], or reduce spatiotemporal data to a
set of spatial data for spatial interpolation [11]. It is not possible to gather meteorological
data for the points that need to be approximated with a greater level of accuracy by using
any of the methods that deal with space and time independently. Consequently, in order
to produce a dataset that covers both space and time, a spatiotemporal interpolation tech-
nique that combines temporal and spatial information is required [12]. The spatiotemporal
interpolation method is primarily used with spatiotemporal sampling data, which not only
solves the problem of statistical difficulties due to the incomplete time series of meteorolog-
ical data but also solves the decrease in interpolation accuracy caused by fewer observation
stations [13], and it is of great significance to the spatiotemporal mining and modeling of
meteorological data.

Significant advancements have been made in the study of interpolation techniques for
meteorological components like temperature, humidity, and precipitation, among others,
thanks to the growth of meteorology and statistics. A systematic review of the techniques
used for the spatiotemporal interpolation of the synthesized meteorological element data
is lacking. Currently, researchers primarily examine the spatial interpolation methods
of meteorological elements and compare the interpolation accuracies [6,9,14-18]. A few
researchers have also looked into the methods of interpolation, reconstruction, and predic-
tion of heterogeneous sparsely distributed spatiotemporal data. This research conducts a
thorough analysis of the current spatiotemporal interpolation models considering this. It
reviews and organizes the indexes of evaluating the spatiotemporal interpolation meth-
ods; looks ahead to the direction of future research development; and summarizes the
spatiotemporal interpolation methods of precipitation and other meteorological elements
from the three aspects of spatiotemporal geostatistical interpolation, spatiotemporal de-
terministic interpolation, and spatiotemporal hybrid interpolation. For the purpose of
calculating or forecasting meteorological factors like precipitation, this paper offers helpful
methodological references.

2. Methodology

The purpose of the search strategy in this paper is to determine the methodology
for spatiotemporal estimation or prediction of meteorological element data at the point
to be estimated. Three English databases, PubMed, Science direct, and Web of science;
and two Chinese databases, CNKI and Wanfang database, were searched without time
constraints. The core content of the search was meteorological factors and spatiotemporal
interpolation, and the search expression was TI = (“spatiotemporal”) AND AB = (“interpo-
lation” + “estimation” + “Forecast”) AND AB = (“Meteorology” + “Climate” + “Weather” +
“humidity” + “temperature” + “precipitation” + “rainfall”); due to the differences between
the Chinese and English interpretations, the search terms were changed accordingly. Last
searched on 6 June 2023.

Following the removal of duplicate articles, the following criteria were used to screen
the literature for this study: (1) based on the article titles and abstracts, the literature in
subjects unrelated to describing meteorological elements was excluded; (2) the literature
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written by authors who were not able to access the original article was not included; (3) full
text based on the topic of this study excludes the literature investigating the features of
spatial and temporal changes in meteorological elements, correlates of meteorological
elements, and spatial and temporal models in other domains; and (4) the literature on
non-spatiotemporal sampling data was excluded based on data types, e.g., models using
surface data or gridded data for spatiotemporal estimation. The process of the literature
screening is shown in Figure 1.

Database search
n=2_8244
CNKI(n=2819)
Wanfang(n = 2072) » 2325 excluded: duplicates
Pubmed(n = 586)
Science direct(n = 675)
Web of Science(n =2092)

Excluded (n=4344)

e Cities & Transportation
e atmosphere
v e environmental factors
Title and abstracts o Sickness and Health
seroansd pi® Air quality
n=>5919 * bnagy
e Agriculture and Remote
Sensing
* ecosystem
Al o hydrological cycle
Title and abstracts ¢ Natural phenomenon
eligible e natural disaster
n="1575 o natural resources
Excluded
Full text unavailable <
(n=307) Excluded (n=1198)
e Precipitation Models,
¥ precipitation products and
Full text screened precipitation related factors,
n=1268 T et

o Surface temperature, air
temperature field,
anthropogenic heat, etc.

A4

Studies included
n="70

Figure 1. Flowchart of the literature screening.

Research topic, research area, research population, data source, data processing, sample
size (representative stations), study unit/spatial scale, study timeframe, timescale/temporal
resolution, and study methodology (temporal variability (trend)/interpolation, spatial vari-
ability /interpolation, spatial-temporal variability /interpolation, and accuracy tests) were all
taken from the literature that was included in the study.

3. Results
3.1. Characteristics of the Study

A total of 70 documents were eventually included in this study after 8244 documents
were retrieved from five Chinese and English databases. Duplicates were eliminated, and
the articles were filtered based on their title, abstract, and full text. It is essential to repre-
sent the link between spatiotemporal variables to solve the spatiotemporal interpolation
problem, which involves considering both spatial and temporal correlation simultaneously.
Remember that the spatiotemporal interpolation method is a way to interpolate spatiotem-
poral sampling data. In other words, it is a way to interpolate the observation data from
the study area’s observation stations and ultimately obtain full-coverage continuous raster
values. The spatiotemporal interpolation techniques that are now in use are divided into
three categories in this paper: spatiotemporal geostatistical interpolation, spatiotemporal
deterministic interpolation, and spatiotemporal mixed interpolation.
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3.2. Spatiotemporal Geostatistical Interpolation

Based on the idea of regionalized variables with a spatial distribution and the varia-
tional function, geostatistics is the science of examining natural occurrences that are both
random and organized in their spatial distribution [19]. By considering the temporal el-
ement as an extra dimension that is strongly related to the spatial factor, spatiotemporal
geostatistics solves the challenge of predicting the valuation of regionalized variables in the
spatiotemporal domain and characterizes the correlation of those variables [20]; compared
to geostatistical interpolation, more precise estimations and forecasts can be made [21].
The spatiotemporal geostatistical techniques which are most frequently employed are spa-
tiotemporal kriging (STKriging) [22] and Bayesian Maximum Entropy (BME) [23]. These
spatiotemporal statistical models efficiently represent the spatiotemporal dependence and
non-stationarity of the interaction between spatiotemporal variables and employ statistical
inference to illustrate the relationship between variables [24].

3.2.1. Spatiotemporal Variability Function

In environmental science and geophysics, a statistical analysis of dynamic processes de-
pends strongly on spatiotemporal variability [25]. The degree of proximity of environmental
variables on the spatiotemporal domain is objectively described by the spatiotemporal
variability function [20]. In this study, we denote R? as the two-dimensional Euclidean
space, where variables are defined and interpolated. Assume that Z(s,t) is a variable
on the time-space of {(s, f) ‘s eR?te R} and satisfies second-order smoothness, and its
covariance function and variability function are as follows:

Clhs, ht) = Cov(Z(s + hs, t + i) — Z(s, 1)) (1)

1
SE(Z(s+hs, t+ ) — Z(s,1))* = 0> — C(hs, hy) @)
where h;, Iy, respectively, represent spatial and time interval variables; and o2 is the vari-
ance of Z(s,t). If the spatiotemporal variability of two variables is to be investigated,
a spatiotemporal covariance function is constructed to characterize the spatiotemporal

continuity of the crossover between the two variables:

Tiallh ) = SE{(Za(s + oyt ) = Za(s, ) Za(s + oyt ) = Za(s, 0]} 3)

Z1(s,t) and Zy(s,t) are two different variables on the space-time point, (s,t). An
important prerequisite for the construction of the spatiotemporal variability function is the
assumption that the spatiotemporal variables satisfy second-order smoothness. Treating
the meteorological factor data as a time series on a spatial observatory, the time-series
decomposition of the meteorological factor data is given as follows:

Z(s,t) =S(s,t)+ T(s,t) + R(s,t) (4)

S(s,t) is a seasonal term, T (s, t) is a trend term, and R(s, t) is a random term. To keep
overall trend changes and data continuity, the seasonal or time trend item is eliminated
from the time series.

There are two kinds of spatiotemporal covariance functions: separable models and
non-separable models. The separable model is a composite treatment of pure temporal and
spatial covariance functions by multiplication or linear combination, such as the spatiotem-
poral product model, which is simpler to construct but cannot portray the spatiotemporal
interaction part of spatiotemporal regionalized variables [26]. The non-separable model
successfully shows the correlation of variables in time and space; the process of modeling
is difficult [27]. There are two widely used non-separable models: the spatiotemporal
product-sum model and the spatiotemporal summation model [23,28,29].
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The spatiotemporal variational function model can be optimized and improved in
certain ways to effectively increase the accuracy of the interpolation. As an example,
the combination of STKriging and the elastic net algorithm solves the problem that the
spatiotemporal variability function matrix in the process of solving the weight coefficients
in the STKriging algorithm is unable to invert the condition number directly because
of its pathological characteristics. The accuracy of the method on the interpolation of
meteorological and spatiotemporal data has been verified through the use of the measured
air temperature data and AQI data with the spatial kriging, ESCP, STARMA, and STESN
algorithms [30].

3.2.2. Spatiotemporal Kriging

The estimate for a spatiotemporal point is a weighting of the observed values of
the meteorological elements surrounding that spatiotemporal location in spatiotemporal
kriging, a spatiotemporal extension of the kriging method [28]. Spatiotemporal ordinary
kriging (STOK), Spatiotemporal CoKriging (STCK), Spatiotemporal Universal Kriging
(STUK), Spatiotemporal Regression Kriging (STRK), Modified Median Polish Kriging
(MMPK), and Fixed Rank Filtering (FRF) are spatiotemporal kriging techniques that are
frequently used in meteorological research. The ordinary kriging interpolation formula for
spatiotemporal data is as follows:

N
Z(s,t) = Y AiZ(si t;) (6)
i—1

where Z(s,t) is an estimate of the meteorological element at point (s,t), Z(s;, t;) is an
observation of the meteorological element at space-time point (s;, ;)(i =1,...,N), and A;
is a kriging weighting coefficient [31].

STCK is an additional covariate to STOK with the following interpolation formula:

Ny Np
Zek(s,t) = Y wiZ(si ti) + Y BV (sj.tj) (6)
i3 =1

where Zck(s, t) is the estimated value of the main variable at point (s, t); Z(s;, t;) is the
observed value of the main variable at station (s;, ;)(i = 1,...,N7); a; is a set of weight
coefficients assigned to the main variable at each station; V' (s]-, t]-) is the observed value of
the covariate at station (s, t;)(j = 1,..., Na); B; is a set of weight coefficients assigned to
the covariate at each station; N7 and N, are the number of stations used for interpolation
for the main variable and covariate, respectively N; < Np. STCK can be calculated in R
using the gstat and space-time packages [32]. STCK with monthly mean precipitation
from 54 stations in Xinjiang Province, China, as the main variable and monthly mean air
humidity at the same time in the same area as the auxiliary variable is more accurate than
STOK interpolation [23,30].

Spatiotemporal Universal Kriging (STUK), which is linear and non-stationary, is
also useful for estimating or predicting meteorological data at a given moment in time.
Spatiotemporal Universal Kriging (STUK) measures the spatial distribution characteristics
of meteorological factors based on the trend at each station and the residual variance
of the observed values of meteorological factors at a given moment from the trend [5].
STUK was applied to reconstructed meteorological records from 150 observation stations
in 10 provinces and cities in China for one year and compared with linear interpolation,
standard ratio (normal ratio, NR), and OK, considering the effect of elevation and altitude,
and it was found to have the highest interpolation accuracy. Meanwhile, STUK is suitable
for small watersheds with no precipitation observatory distribution and can be used as a
method for watershed precipitation calculation [33].
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The combination of spatiotemporal kriging and regression modeling is called Spa-
tiotemporal Regression Kriging (STRK). The method can be used not only to fit trends
in purely spatial and purely temporal series but also to capture their interactions with
covariates [34]. A regression model is used to determine the trend component of the
meteorological factor data, where the regression model is related to covariates such as
spatial location, timescale, and elevation. If the residuals of the regression model have
spatiotemporal autocorrelation, a spatiotemporal variability function is built for them and
a spatiotemporal kriging estimation is performed, and the final estimate of the meteoro-
logical factors is the sum of the residuals’ predicted values, the trend component, and the
seasonal cycle component [35]. Among the regression models can be multivariate linear
regression, locally weighted linear regression (LWLR) [36], and generalized additive model
GAMLSS based on location, range, and shape [37,38]. Compared to STUK, STRK can
introduce more auxiliary variables to fit the trend part of the variables, so satellite data
can be used as auxiliary variables in meteorological studies to fuse the observation data
from the observatory, which can help to accurately estimate the amount of precipitation at
unknown points [39].

Modified Median Polish Kriging (MMPK) is a four-dimensional iterative algorithm
incorporating Median Polish Kriging (MPK), which eliminates the spatiotemporal trend
by calculating the median in the spatial and temporal domains and then interpolates the
residuals with spatiotemporal kriging to estimate the rainfall for the Colombian rainy
period precipitation estimation, which results in higher accuracy than using spatiotemporal
ordinary kriging alone [40]. However, MPK does not have an uncertainty assessment, and
its trend-term uncertainty is quantified by the residuals.

It takes a long time to interpolate and analyze a large number of high-dimensional
spatial datasets. Fixed Rank Kriging (FRK) is based on the Spatial Random Effects (SREs)
model to reduce the computation volume and compress the computation time by reducing
the dimensionality of the data, extends it to the spatiotemporal dimensions to form the
Spatial-Temporal Random Effects (STREs), and uses Kalman filtering to realize the fast
recursive update in the time dimension to form the Fixed Rank Filtering (FRF). The SRE
model can be calculated using the FRK package in R. Due to the change in formulas in
the inverse operation of the covariance matrix and the appropriate selection of spatial
basis function vectors, this method can increase computing efficiency while guaranteeing
accuracy [41]:

Z(s,t) = u(s,t) +o(s, t) + (s, t) ()

{U(s, t) =S(s,t)'nt + (s, 1)

B (8)
Ne+1 = Hepane + 6e1

where Z(s,t) is the estimate of point (s,t); u(s,t) is a deterministic (space-time) trend
term; v(s,t) is a spatial variable random term; ¢ is Gaussian white noise and &(s, ) ~
N(0,02v¢(s, t)); S(s, t) represents a set of spatial basis function vectors; 7;(+) is a Gaussian
random vector with mean 0; (s, t) represents the error introduced by the descending
rank; and the second equation is a first-order vector autoregressive process. H;y1 is a
first-order autoregressive (or propagation) matrix. When a uniform overall distribution
of spatial data points is available, FRK prediction accuracy is found to be slightly higher
than FRF prediction accuracy when MODIS temperature data are interpolated. However,
when a larger spatial range of meteorological data cannot be obtained, FRF can obtain
a higher accuracy of the prediction results with a higher degree of practicability [42].
Spatial-temporal models developed using high-performance algorithms can also effectively
increase computational efficiency with the development of high-performance computing
techniques. A prime example is the spatiotemporal kriging parallel acceleration algorithm,
which is based on OpenCL and has been experimentally demonstrated to significantly
increase interpolation speed when compared to existing methods [43].
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3.2.3. Bayesian Maximum Entropy

Geostatistical methods such as kriging do not take into account uncertainty in the
dataset, as well as model fitting techniques (e.g., regression analysis, sampling theory,
etc.) in the interpolation process [44]. In contrast, the Bayesian maximum entropy (BME)
algorithm for spatiotemporal analysis and mapping based on spatiotemporal random
field theory is nonlinear interpolation: it does not require artificial assumptions of normal
distribution or spatial homogeneity for the data involved in interpolation [45]. The method
does not require the data involved in interpolation to be precise “hard data” without
error but effectively utilizes and expresses “soft data” of different sources and different
accuracies, including sampling data, historical data, coarse measurement data, etc., in the
form of a priori knowledge and specific knowledge. BME utilizes the principle of maximum
entropy and conditional Bayes to derive the probability density function and calculate the
prediction results in three stages (a priori, intermediate, and a posteriori).

y(st) = /y(si,t,-)f(y(si, ti))dy(si, ti) ©)

y(s,t) = max([f(y(si ;)] (10)

where ¥(s,t) is the estimated value of point (s,t); y(s;, t;) is the observed value of the
meteorological element at the spatiotemporal point (s;,t;)(i = 1,...,N); f(y(s;, t;)) is
the probability density function of the posterior information distribution; and dy(s;, t;) is
the amount of change in the measured value, which is calculated using BMEIib (https:
/ /mserre.sph.unc.edu/BMElib_web/BMELIB.htm), accessed on 5 March 2024.

For the selection of “soft data”, it is possible to use the following: First, data sets
with discontinuous observations in the stations as soft data, and continuous observations
as hard data [46]. The results of spatial and spatiotemporal interpolation of 105 stations
(44 hard data stations and 61 soft data stations) for 30 years in Lake Namak Basin, Iran,
respectively, showed that the maps generated by BEM were more accurate and reliable than
kriging, and the contours generated were smoother. However, if the correlation between
precipitation and elevation is considered, it is found that bivariate performs better in spatial
interpolation, while univariate performs better in spatiotemporal interpolation [47]. The
second is using satellite data as soft data [48]. For example, when using TRMM satellite
data as auxiliary data for year-by-year spatiotemporal interpolation of 13-year precipitation
in Fujian Province, the results show that the BME predicted data are closer to the observed
data, and the BME method better reflects the local precipitation differences when compared
with STOK's interpolation [49].

3.3. Spatiotemporal Deterministic Interpolation

In addition to the spatiotemporal geostatistical interpolation method, the interpolation
methods that estimate the value of the unsampled points by means of a fixed mathematical
formula or spatial location relationship between the sampled points, without considering
the variability or randomness of the data, are collectively called spatiotemporal determinis-
tic interpolation methods.

3.3.1. State Space Model

The state space model (SSM) is a spatiotemporal linear model that considers both spa-
tial and temporal correlations and consists of a state transfer equation, which describes the
law of state change over time p(&(s, t)|¢(s,t — 1) ); and an observation model, which sum-
marizes the conditional probability distribution of the observed values of meteorological
elements in a given state p(Z(s, t)|¢(s, t) ) [50].

&(s,t) = F&(s,t — 1)+ V(s t) (11)

Z(s,t) = BTX(s,t) + HT&(s,t) +w(s,t) (12)
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where (s, t) is a state value at location s and time ¢, F is a state transfer matrix, V (s, t) is
a state noise, V(s,t) ~ N(0,Q), and Q is a covariance of the state noise. Z(s, t) denotes
an observed value of a meteorological element at location s and time ¢, = (B4,. .., ﬁl)T
denotes the coefficients of a non-random regression X(s,t) = (X (s, t),..., Xi(s, t))T, HT
denotes an observation matrix, w(s,f) ~ N(0,R) is an observation noise, and R is a
covariance of the observation noise. The Kalman filter was utilized to synthesize the errors
of state and observed values to obtain more accurate parameter estimates and reliable
spatiotemporal predictions at unobserved points [51]. Parameter estimation and prediction
of daily air temperature data from 60 stations in Southern Chile, using a state space model
and comparing the results with those of simple kriging estimation, revealed that parameter
optimization using Kalman filtering in the state space model not only makes use of the
most available information to explain the spatiotemporal evolution of the study target but
also has more advantages than simple kriging in spatiotemporal prediction [52].

3.3.2. Funk-SVD Model

The Funk-SVD model is a variant of the matrix decomposition model proposed by
Funk [41]. Consider the precipitation data as an intrinsic correlation matrix, P = (pjj),, -
The columns in the matrix represent time, and the rows represent space; the potential factor,
g, is obtained by F-SVD decomposition, and implicit interactions in time and space are
established; and the matrix, P, can be decomposed into a spatial characterization matrix,
X = (Xiu)uxo and a temporal characterization matrix, ¥ = (y”j)qxn' representing the
degree of influence of the g potential influence factors of the observatory located in i and
the correlation of the g potential influence factors in the moment of j, respectively. The
formula for the computation of p;; is as follows:

q
Pii = Y XiuYuj (13)
u=1

The optimal values of the spatial feature matrices, X;, and temporal feature matrices,Y;,
were calculated using regularization methods and stochastic gradient descent algorithms [53].
A comparison of the accuracy with IDW and OK reveals that interpolating precipitation
data using F-SVD has the highest accuracy and that combining IDW and OK with F-SVD
can substantially improve the interpolation accuracy of IDW and OK alone [54].

3.3.3. Poly-log Weibull

The Poly-log Weibull (PLW) model is defined by a marginal Pareto distribution condi-
tional on spatially shared potential random fields. As a result, the PLW model can better fit
data with complex spatial structures and irregularities. And it can capture spatial correla-
tion: data points at spatially neighboring locations may have correlated features, which is
particularly important for spatiotemporal interpolation problems. Using PLW, spatiotem-
poral interpolation of 20-year monthly mean temperatures from 14 meteorological stations
in the Brazilian Amazon generates interpolation results that are not significantly different
from the IDW interpolation results, but the PLW model can be used as a spatially shifted
model for interpolation of meteorological factor minima, and it can also be used efficiently
for spatiotemporal forecasting [55].

3.3.4. Residual Network Model

The residual network model is a deep-learning model for multiple regression pre-
diction, which is based on self-encoder and realizes the high-speed transmission of error
information by adding residual connections to compensate for the problem of decreasing
accuracy of the conventional deep network with the deepening of the number of network
layers. The residual network model is used for the high-resolution spatiotemporal esti-
mation of meteorological factors (temperature, relative humidity, and wind speed) from
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824 meteorological stations in Mainland China in 2015, and the results are better than those
of GAM and ordinary kriging [56].

3.4. Spatiotemporal Mixed Interpolation

The spatiotemporal mixed interpolation method combines the geostatistical inter-
polation method and deterministic interpolation method, which integrally considers the
spatiotemporal variability and the spatiotemporal correlation in the spatiotemporal data,
and its interpolation result is better than that of the separate temporal interpolation or
spatial interpolation [57]. The following are commonly used spatiotemporal mixed interpo-
lation methods.

3.4.1. Approximate Reduction Method and Extension Method

The approximate reduction method considers time as an independent dimension.
First, use the time interpolation methods (such as arithmetic mean interpolation, inverse
time distance interpolation and inverse power exponential interpolation) to calculate the
estimated value of the observation station to be interpolated at a certain point in time, and
then carry out the spatial interpolation on the basis of this, and ultimately obtain the results
of the spatiotemporal interpolation [13]. The inverse time distance interpolation is taken as
an example here:

Iy —t t—1
Z(si, t) = - tlz(si’ t) + - tlz(sir t) (14)

where the observed values of meteorological elements at station i(i = 1,...,m) at time
t; and time t; are Z(s;, t1) and Z(s;, t2), respectively. According to the spatial interpola-
tion formula,

Z(s,t)="=L (15)

Calculate the estimated value Z(s, t) of the meteorological factor at point (s, t), where
d; is the spatial distance between the i station and point (s, t), and n is the power index.

di = (5= x4 (= 9P+ (1~ 1) (16)

and the inverse of the spatiotemporal distance d; is used as a parametric weighting and
substituted into Equation (15) to calculate Z(s, t) [58], where the spatial point s; is (x;, ;).

3.4.2. Spatiotemporal Heterogeneous Covariance Method

The spatiotemporal heterogeneous covariance method (ST-HC) takes into account that
the spatial and temporal heterogeneity of meteorological elements is affected by spatial and
temporal non-smoothness, and it partitions the spatial and temporal datasets into temporal
and spatial dimensions, respectively. The correlation coefficient is used to determine the
space—time weights, and meteorological factor values Z(s, t) at point (s, t) are estimated by
selecting meteorological factor observations from the n stations (s;, t)(i = 1,...,n), with
the highest spatial correlation around point (s, t) and m stations (s, ;)(j = 1,...,m), and
with the highest temporal correlation before and after point (s, t) in the same region [59]:

Z(s,t) = AS(s;, t) + BT (s, t;) (17)

where S(s;, t) is the valuation of meteorological elements in the spatial dimension, T(s, t;) is
the valuation of meteorological elements in the temporal dimension, A denotes the spatial
dimension weights, and B denotes the temporal dimension weights. Comparing with
the un-partitioned interpolation methods STOK and OK, it is found that the accuracy of
the results of spatiotemporal interpolation of precipitation data from 554 meteorological
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stations in Mainland China using ST-HC is optimal. However, the method will be difficult
to partition the data with fuzzy spatiotemporal partitioning.

3.4.3. Fit-Coefficient Method

The fit-coefficient method is a combination of temporal and spatial interpolation
methods by fitting optimal coefficients:

Z(s,t) =a+bZs(s, t) +cZr(s, t) (18)

where Z (s, t) is the estimate of point (s, ), which is to be estimated; Zs (s, t) is the spatially
interpolated estimate of the neighboring observatory (s;, t)(i = 1,...,n) of (s, t); and
Z1(s, t) is the temporally interpolated estimate of the (s;,t)(j = 1,...,m) year of the
observatory (s,t). Moreover, a is a constant term, b is the coefficient of the spatially
interpolated estimate, c is the coefficient of the temporally interpolated estimate, and the
optimal coefficient a, b, c is calculated by the least squares method. The spatiotemporal
interpolation of annual mean temperature and rainfall data from each observed station in
China for the year 2008, using the fit-coefficient method, revealed that the interpolation
accuracy using the fitted coefficients method was better than that using temporal and
spatial interpolation independently [57].

3.4.4. Integrated Approach

The integration of multiple methods can address the increased complexity caused
by considering both the temporal and spatial dimensions by providing a flexible and
coherent structure. The spatiotemporal interpolation environment (STIE) uses an integrated
approach to combine iterations of interpolation methods for both the temporal and spatial
dimensions and uses auxiliary data to provide additional information for interpolating
spatiotemporal data. The spatiotemporal interpolation integration framework consists
of a temporal interpolation processor (TP), a spatial interpolation processor (SP), and a
calibration processor (CP). Spatiotemporal estimation of urban land cover using STIE
(inverse distance-weighted interpolation for SP and a meta cellular automata model for
TP) using 20 years of meteorological factor data (air temperature, elevation, land cover,
and surface temperature) for the state of Phoenix, AZ, showed that the method improved
the accuracy of the estimation better than using a single interpolation method (inverse
distance-weighted interpolation) [60].

3.5. Precision Evaluation

At present, scholars at home and abroad generally choose cross-validation (CV) to test
the interpolation accuracy of spatiotemporal interpolation [18], which is categorized into
leave-p-out cross-validation [40], K-fold cross-validation, and leave one out (LOO) [19]. In
meteorological studies, K often takes the value of 10 in K-fold cross-validation (also known
as 10-fold cross-validation), and K represents K sets of training/validation sets [11]. LOO
validation is a special case of K-fold cross-validation, which is computationally complex
but has high sample utilization suitable for small sample datasets [9].

The selection of accuracy evaluation metrics is also a very important issue because
it is not only related to the evaluation of model performance but also to the calibration of
model parameters [36]. Two or three evaluation indexes are usually chosen [61]. In the
study of spatiotemporal interpolation methods for meteorological elements, commonly
used evaluation indexes are used to assess the interpolation accuracy of the model, i.e.,
to assess the closeness of the predicted values to the actual observations or to assess the
accuracy of the variational function model fitting. The commonly used accuracy evaluation
indexes and their usage are shown in Table 1.
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Table 1. Evaluation indicators and their use.

Usage Evaluation Indicators

Mean Error (ME), Relative Mean Absolute Error (RMAE),
Mean Square Error (MSE), Normalized Mean Square Error
(NMSE), Root Mean Square Error (RMSE), Bias, Coefficient of
Determination (R2, the best variance function/covariance has
Evaluate the interpolation the highest R2, indicating a strong correlation between the
accuracy of the model estimates and the observations), Pearson’s Correlation
Coefficient, Mean Symmetric Absolute Percentage Error
(SMAPE), Standard Deviation (SD), Standard Error (SE),
Percentage Error (PERC), and two-sample
Kolmogorov-Smirnov test statistic (KS) [54]

Mean Absolute Error (MAE), Root Mean Square Error (RMSE,
also known as Root Mean Square Deviation, RMSD), Root
Mean Squared Interpolation Error (RMSIE, reflecting the
sensitivity of estimation using sample data and extreme

Evaluating the accuracy of effects, mainly used in geostatistics or spatial analysis),
variational function Normalized Root Mean Square Error (NRMSE),
model fitting Nash-Sutcliffe Efficiency (NSE), and Relative Root Mean

Square Error (RRMSE, indicating the degree of increase in the
accuracy of the estimation, such as calculating a decrease in
the Root Mean Square Error (RMSE) of the STCK relative to

STOK [23])

4. Conclusions and Future Remarks

Based on the search results, this study provides an extensive examination of methods
for spatiotemporal interpolation of meteorological factors. It is shown that, as the fields of
mathematical statistics and spatial observation technologies have advanced, relevant re-
searchers have developed spatiotemporal interpolation methods from modeling algorithms
in various domains, which can be divided into three categories: spatiotemporal geostatisti-
cal interpolation, spatiotemporal deterministic interpolation, and spatiotemporal mixed
interpolation. Table 2 lists the characteristics and shortcomings of each approach. These
methods effectively increase the estimation value accuracy and deepen our understanding
of the spatiotemporal distribution characteristics of meteorological elements by considering
spatiotemporal features like spatiotemporal dependence, heterogeneity, autocorrelation,
and correlation of spatiotemporal data. However various issues have arisen that need to be
resolved. The spatiotemporal interpolation approach has emerged as the core method for
processing spatiotemporal continuous coverage data from spatiotemporal sampling data:

1.  The development of spatiotemporal interpolation methods: The first problem faced by
the current spatiotemporal interpolation methods is that there is no obvious similarity
between the spatial and temporal domains of meteorological element data in terms
of units of measurement, characteristics of data arrangement, and data volume [28],
and the establishment of a more appropriate model of the relationship between
spatiotemporal variables becomes crucial. Secondly, the main research of the current
spatiotemporal interpolation method is conducted to improve the existing method.
The improved spatiotemporal interpolation model has some degree of improvement
in estimation accuracy, but the spatiotemporal variability of spatiotemporal data is
extremely complex, and the spatiotemporal stability and spatiotemporal correlation
are poorly interpreted [41,54], so how can we build a spatiotemporal interpolation
model in conformity with the spatiotemporal mechanism? For example, the stochastic
simulation based on geostatistics can reproduce the spatial pattern using various
types of data, and the effect of smoothing in kriging can be overcome by the stochastic
simulation. If the stochastic simulation based on geostatistics is extended to the
spatiotemporal pattern and the results are compared with the prediction results of
the univariate-based spatiotemporal interpolation methods such as spatiotemporal
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kriging, it will be helpful for evaluating the uncertainties in the interpolation results,
and it has a very important practical significance [62]. The third aspect is that, based
on analyzing the spatiotemporal mechanisms affecting the changes in interpolated
elements and the spatiotemporal distribution of the available data, it is also necessary
to consider the accuracy and computational efficiency of the method [63]. In addition
to the preprocessing stage of meteorological data, spatiotemporal data analyses such as
the cluster analysis and trend analysis of the original dataset can help to obtain a better
estimation accuracy [31]. Machine learning can also be chosen to improve the accuracy
and computational efficiency of the method and is able to adaptively establish complex
nonlinear relationships and adapt to various complex data patterns, such as building
spatiotemporal interpolation models based on vector machines [61] and Gaussian
process regression [64]. Combining machine learning with spatiotemporal statistical
methods not only satisfies the spatiotemporal dependence and non-stationarity of
spatiotemporal data and reflects the physical mechanism of meteorological element
changes but also improves the interpolation efficiency.

2. The assessment of spatiotemporal interpolation methods: When evaluating the
interpolation accuracy of the novel spatiotemporal interpolation model, scholars of-
ten use the spatial interpolation model to make comparisons, ignoring the different
dimensions between the two and obtaining different results. Therefore, in the fol-
lowing evaluation of spatiotemporal interpolation methods, in addition to the new
spatiotemporal interpolation model and the STOK model for accuracy comparison,
other spatiotemporal geostatistical interpolation methods, spatiotemporal deter-
ministic interpolation methods, and spatiotemporal hybrid interpolation methods
can be considered for accuracy comparison. At present, a lot of spatiotemporal
interpolation methods are proposed, but a unified evaluation standard needs to be
developed, and the applicable scenarios about spatiotemporal interpolation models
need to be discussed.

3. The selection of data sources: At present, when estimating or forecasting meteoro-
logical elements, the data from meteorological stations are mainly used. However,
when the meteorological stations are sparsely distributed, their measured data cannot
fully reflect the spatial and temporal variation characteristics of meteorological ele-
ments [65]. Remote sensing-based meteorological products can obtain more accurate
estimates of meteorological values than meteorological stations [66—68], but remote-
sensing meteorological products are susceptible to certain errors due to the influence
of sensor performance and other factors [69]. Combining these two types of obser-
vations using kriging [39,65], Bayesian modeling [48], and regression modeling [36],
which utilizes high-quality data from meteorological stations while also obtaining
spatially continuous information observed by remote sensing, can effectively improve
the estimation accuracy of meteorological values [7,70].

Finally, the transition from the purely spatial dimension to spatiotemporal interpo-
lation for the estimation of meteorological elements to be valued, such as precipitation,
is still a research trend and a research challenge. Therefore, the future work focuses on
the establishment of a spatiotemporal interpolation model that integrates spatiotemporal
stability and spatiotemporal correlation using multi-source data in order to obtain the
optimal interpolation results.
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Table 2. Characteristics and shortcomings of each approach.

Category Spa;l/;’et;?; goral Characteristics Shortcomings
STOK is a temporal extension of ordinary kriging that uses the spatiotemporal lelteq ability to P redict the future; more suitable for interp ol'atlon
. . . . . estimation of data in space; does not consider the uncertainty in the
STOK variability of spatiotemporal data for modeling and estimating the value of an _ . o
. . . S dataset and the fitting technique of the model; more sensitive to the
unknown location or time; wide applicability. o
outliers in the data.
STCK Adds covariates to STOK; suitable for continuous and stable Limited modeling capability for non-stationary and nonlinear
spatiotemporal data. spatiotemporal data; computationally intensive.
Ability to flexibly handle different forms of spatial and temporal correlations; The sglectlon and adjustment of parameters may be difficult.
STUK . . . Interpolation results may be unstable for cases where the data are not
suitable for non-smooth and nonlinear spatiotemporal data. o -
evenly distributed or where there are missing values.
Ability to use auxiliary variables to better explain the spatiotemporal variability The structure and parameters of the regression model need to be
Spatiotemporal STRK of the data; better fit for spatiotemporal data in the presence of more determined in advance; limited modeling capability for non-stationary
geostatistical auxiliary variables. and nonlinear spatiotemporal data; computationally intensive.
interpolation ; i : ; ; ; :
Able to effectively deal WIt.h outliers anc} outliers, making t he mterpola'tlon The identification and treatment of outliers and outliers may be more
MMPK results more robust. Applicable to spatiotemporal data with local outliers . . o
. fixed and not adaptable to different data situations.
or outliers.
. Wlth' simple and fast comPutatlonal characteristics, it is suitable for Limited modeling capability for non-stationary and nonlinear
FRF interpolation of large-scale spatiotemporal data. Works better for smooth and .
. . spatiotemporal data.
less noisy spatiotemporal data.
Flexibility in handling various types of data and complex model structures; Interpolat'lon res'ults are affected by th? c}}ome. of prior d1str1but19ns, and
. . o IV . . the selection of inappropriate prior distributions may lead to biased or
introducing a priori knowledge intuitively into the model, which helps to . . : . .
. e . misleading results; computational complexity and long computation
BME improve the accuracy and robustness of the model; providing a posteriori . . :
e g . . time; the need for reasonable settings and adjustments of parameters
probability distribution makes the results of the model easier to interpret and o .
- . . . . and hyperparameters, which increases the complexity of the model and
understand, providing an intuitive basis for decision-making. oo .
the difficulty of debugging.
Captures the dynamics of data in time and space. Typically deals with
) SSM continuous time-series data, including a wide range of noise, such as Calculations and parameter selection have high complexity and are
Spatloter.n;.)o.ral measurement error; strong ability to predict the future and capture the computationally expensive to handle large-scale data.
deterministic evolutionary trends of the system.
interpolation " ealati — -
F-SVD Using regularization methods and stochastic gradient descent algorithms. Complex calculations, difficult parameter adjustment, and some

difficulty in interpreting results.
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Table 2. Cont.

Category Spa;l/;’et;?; goral Characteristics Shortcomings
Being able to effectively deal with extreme values in the data; the ability to Limited by modeling assumptions, e.g., assumption of Pareto
PLW flexibly parameterize the data and adapt to different types and scales of distribution and potential random fields for spatial sharing; high
spatiotemporal data. complexity in calculations and parameter selection.
Residual Capable of har}dhng complex rellatlonshll.a S betw{\/.een multiple input Varlabl.es Complex calculations, difficult parameter adjustment, and some
and target variables; strong nonlinear fitting ability to model complex spatial o . .
network model L . difficulty in interpreting results.
and temporal correlations in spatiotemporal data.
. The moment points to be interpolated can only be derived from the
Approximate
. measured values of the two moments before and after the moment,
reduction and . . . . .
extension Simple and easy to implement. ignoring the measured values of other moments on the whole time
series, resulting in the deviation of the estimated value from the
method
measured value.
Spatiotemporal Considering spatiotemporal heterogeneity, the spatiotemporal dataset is
mixed SH-HC partitioned into temporal and spatial dimensions, respectively, and the Partitioning is difficult for data with fuzzy spatiotemporal partitioning.
interpolation correlation coefficient is used to determine the spatiotemporal weights.

Fit-coefficient
method

By fitting the optimal coefficients, the advantages of temporal and spatial
interpolation methods are fully combined.

Interpolation results depend on the quality and distribution of the
original data. There is a risk of overfitting when fitting the
optimal coefficients.

STIE

Iterative use of temporal and spatial dimensionality methods using integrated
methods to improve interpolation accuracy and stability.

Complex calculations, difficult parameter adjustment, and some
difficulty in interpreting results.
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