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Abstract: In absolute distance measurement and positioning applications, atmospheric refraction error is a critical factor limiting measurement
accuracy. Temperature plays a dominant role in computing the atmospheric refractive index. However, accurately acquiring the temperature
field along the ranging path in complex and dynamic outdoor environments remains challenging due to limited sensor deployment and
environmental nonstationarity. We propose a spatiotemporal temperature data fusion method for atmospheric refraction correction, which
integrates the strengths of the generalized regression neural network (GRNN) and Kriging interpolation within a Kalman filter. This method
achieves dynamic prediction and high-accuracy reconstruction of temperature parameters. The proposed method is systematically validated
through simulation analysis as well as indoor and kilometer-scale outdoor experimental measurements. The simulation results demonstrate that
Kalman filter expanded fusion (KFEF) outperforms the traditional interpolation method radial basis function (RBF) and the state-of-the-art
spatiotemporal interpolation and prediction methods spatiotemporal Kriging (STK) and Gaussian process (GP), in terms of both reconstruction
accuracy and stability of the temperature field. Specifically, KFEF achieves a 61.54% reduction in root mean square error (RMSE) compared
with RBF and reductions of 34.21% and 32.43% relative to STK and GP, respectively. This indicates its practical value for long-distance
high-precision ranging engineering applications. Furthermore, the proposed spatiotemporal data fusion framework is highly general and
scalable. It can also be applied to other temperature field prediction and reconstruction problems.

Key words: Temperature prediction; Kalman filter expanded fusion (KFEF); Atmospheric refraction correction; Absolute distance measurement;
Generalized regression neural network (GRNN) optimization

1 Introduction

The absolute distance measurement accuracy and positioning
accuracy are largely affected by the atmospheric refraction error
(Meiners-Hagen et al., 2017; Ding et al., 2020; Bi et al., 2024).
When electromagnetic waves such as lasers and microwaves propa-
gate in the atmosphere, their refractive indices are dynamic and change
with temperature, air pressure, humidity, etc. This leads to deviations
in distance measurement results. The core of atmospheric refraction
error correction is the acquisition of precise atmospheric refractivity
along the electromagnetic wave propagation path. Existing studies
indicate that within commonly used atmospheric refractivity models,
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such as the Edlén formula (Riieger, 2002) and the Ciddor formula
(Ciddor, 1996), meteorological parameters involved in refractive
index computation exert markedly different levels of influence.
Among these parameters, temperature plays a decisive role in deter-
mining the refractivity accuracy (Pisani et al., 2018).

In recent years, researchers have proposed various methods
for acquiring or eliminating temperature parameters with high pre-
cision. The main temperature parameter elimination methods are
the dual-wavelength method and the acoustic method. The former is
not applicable to the microwave band (Tomberg et al., 2017; Guillory
et al., 2024), whereas the latter is susceptible to industrial noise
and is characterized by high system complexity and cost (Underwood
et al., 2015; Pisani et al., 2018). In terms of high-precision temper-
ature parameter acquisition, multiple sensors are typically deployed
along the baseline to reconstruct the temperature meteorological
field. The Physikalisch-Technische Bundesanstalt (PTB) in Germany
and the National Institute of Metrology in China installed 60 tem-
perature sensors outdoors, effectively correcting the refractive error
(Pollinger et al., 2012; Liu XD et al., 2020). However, this ap-
proach is difficult to apply in mobile outdoor environments due to
the large number of sensors.
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In outdoor absolute distance measurements, a limited number of
sensors are usually used to collect temperature data. Interpolation
methods are then employed to estimate the temperature distribution
along the propagation path. Previous studies have suggested various
methods, including the equivalent area method (Chen Y et al., 2018)
and linear interpolation combined with the radial basis function
(RBF) (Gu et al., 2019). However, the equivalent area method is prone
to large errors due to linear interpolation. RBF is relatively sensi-
tive to noise in the input data, and its model performance largely
depends on the availability of a sufficient number of training samples
(Wang LC et al., 2016; Ghritlahre and Prasad, 2018). Generalized
regression neural network (GRNN) can maintain a low mean-squared
error even under small-sample and noisy conditions (Ghritlahre and
Prasad, 2018; Li G et al., 2018). However, GRNN neglects the
inherent spatial correlation and heterogeneity of the temperature
meteorological field (Chen KQ et al., 2024).

Unlike other prediction methods, Kriging interpolation consid-
ers not only the distance between unknown and sampled points but
also the spatial correlation structure between sampled points (Tobler,
1970). Kriging interpolation describes how the variance between data
points changes with distance (Webster and Oliver, 2007). However,
Kriging interpolation is not suitable for dynamic environments. On
one hand, it is computationally complex, typically having a time com-
plexity of O(n?®), where n is the number of data points (Srinivasan
et al., 2010). On the other hand, the accuracy of Kriging interpo-
lation depends on the choice of the variogram model and its parame-
terization (Erdogan Erten et al., 2022).

Air temperature can be considered a realization of a spatio-
temporal function. Therefore, performing interpolation only in the
spatial or temporal domain is suboptimal (Li S et al., 2020). Spa-
tiotemporal Kriging (STK) and Gaussian process (GP) are two
state-of-the-art approaches for temperature field reconstruction
in meteorological applications. STK extends the conventional Kriging
framework by constructing spatiotemporal variograms; however, it
remains fundamentally an interpolation-based method with limited
capability to capture complex nonlinear dynamic variations and
often results in oversmoothing effects (Varouchakis et al., 2019; Duff
et al., 2025). GP, as a nonparametric Bayesian modeling approach,
characterizes the correlation structure of spatiotemporal data through
kernel functions and provides a solid theoretical foundation for
temperature field modeling (Chauhan et al., 2024). Nevertheless, it
tends to inadequately represent abrupt temperature changes (Cheng
etal., 2025).

Beyond these two mainstream approaches, both the state tran-
sition matrix in state-space Kriging (Shi and Zhou, 2021; Cheng et al.,
2026) and the filtering model parameters in methods that combine
Kriging with the ensemble Kalman filter (EnKF) or unscented Kalman
filter (UKF) (Katzfuss et al., 2020) are typically predefined and fixed.
Consequently, these methods fail to fully exploit the advantages of
machine learning models in small-sample prediction scenarios.

Deep learning methods rely heavily on large-scale training data,
exhibit limited interpretability, and are sensitive to noise. These draw-
backs make them difficult to deploy robustly in field environments
characterized by sparse observations (Wang SZ et al., 2022; Chen
KQ et al., 2024; Liu EB et al., 2025). Ensemble learning approaches,
which integrate deep learning models with Kriging interpolation,
also lack an effective theoretical framework for incorporating

multivariate spatiotemporal dependencies and nonstationary trends.
This limitation constrains their applicability and practical value
(Janowicz et al., 2020; Chen KQ et al., 2024; Nourani et al., 2024;
Liu EB et al., 2025). In summary, existing temperature field recon-
struction methods still exhibit limitations in capturing spatiotemporal
coupling, modeling nonlinear dynamics, and adapting to small-
sample scenarios. This situation motivates the need for a unified
framework that effectively integrates statistical modeling with data-
driven approaches.

To improve the accuracy of temperature parameters, in this
study, we propose a Kalman filter expanded fusion (KFEF) algorithm
that integrates the advantages of GRNN prediction and Kriging
interpolation. The main contributions of this paper are as follows:

1. A dynamic GRNN optimization algorithm based on simulated
annealing (SA), named GRNN-SA, is proposed. Unlike existing
methods based on particle swarm optimization (PSO), genetic algo-
rithms (GA), etc., SA employs the prediction error as the energy
function and accepts inferior solutions with a certain probability.
This enables rapid and accurate identification of optimal GRNN
parameters.

2. A data filtering system named Kalman filter fusion (KFF),
composed of Kalman filter (KF), GRNN, and Kriging interpolation,
is proposed to predict data. Moreover, an adaptive KF is proposed
to address the divergence problem. This filter dynamically adjusts
the state transition matrix and the measurement noise matrix using
measurement data to adapt to complex outdoor environments.

3. To enhance the robustness of the system, a fixed-interval in-
terpolation method is proposed. This method first employs GRNN-SA
and Kriging interpolation to extend the data. Then, it treats the
extended data as observations and processes them using KFF.

2 Brief review of GRNN and Kriging

2.1 GRNN time prediction

GRNN is a method with high training speed. Its performance
surpasses those of multivariate linear and nonlinear regression
models (Ghritlahre and Prasad, 2018; Li G et al., 2018). GRNN is
a special type of RBF neural network. The number of nodes in the
hidden layer equals the number of training samples. The centers of
RBF are determined by the samples. GRNN calculates the weight-
ed average of the outputs based on the similarity between the input
and training samples. Given an input sample, GRNN predicts the
output as follows:

(1

where o is the smoothing factor and N is the number of training sam-
ples. It determines the weight distribution of samples in the predic-
tion (Rooki, 2016). A smaller ¢ makes the model more sensitive to
noise, leading to overfitting. A larger o results in excessively smooth
predictions and underfitting. The prediction results of GRNN are com-
pared with those of RBF in Fig. 1. The results show that RBF can
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Fig.1 Temperature prediction comparison among sample, GRNN, and RBF

model partial input data. In contrast, GRNN achieves superior over-
all prediction accuracy and effectively addresses nonlinear prob-
lems. However, the performance of GRNN is highly sensitive to
the choice of the smoothing factor. Empirical settings and simple
search strategies can trap the model in local optima, limiting its
generalization capability.

PSO (Anggraeni et al., 2024), GA (Golpira et al., 2011), and SA
(Lee and Kim, 2020) are used to optimize the smoothing factor of
GRNN. The parameter settings for the three methods are summarized
in Table 1. Owing to the inherent stochasticity of PSO, GA, and SA,
each algorithm is independently executed 30 times using different
random seeds. The average root mean square error (RMSE) over
the 30 runs is presented in Fig. 2. The PSO algorithm diverges in
the early stage. GA shows poor stability in the later stage. RMSE
fluctuates repeatedly during iterations 12—20. Overall, the SA algo-
rithm demonstrates superior performance. It achieves the lowest
RMSE. In Section 3, SA combined with temperature parameter
characteristics is used to perform dynamic GRNN optimization.

2.2 Kriging spatial interpolation

The interpolation formula uses observational data to estimate
parameters at unobserved locations (Tobler, 1970). To accomplish
this task in complex spatial environments, an ideal interpolation
model should account for the multiscale structural information
embedded in spatial temperature data (Chen KQ et al., 2024).
Kriging interpolation fully considers the multiscale structural in-
formation contained in temperature data. It is an optimal, unbiased
interpolation method based on the spatial statistical theory.

Kriging uses a variogram to characterize the correlation between
spatial variables and estimate values at unknown locations (Webster
and Oliver, 2007). Suppose that the variable to be estimated at spa-
tial location x;, is Z (xy). Z (x,) is expressed as a linear combination
of n neighboring known sample points:

2050 =327 (x), @)

where 1, represents the weight coefficient, satisfying the unbiased-

ness constraint z/l,. =1. The optimal weights are obtained by min-
i=1

imizing the prediction variance:

*=Var [ Z(x,)-Z(x,)]. 3)

ENGINEERING Inform Technol Electron Eng 2026 27(5):260005 | 3

Table 1 Parameter settings for the three algorithms

Algorithm Parameter Value
Initial temperature 26 °C
SA Maximum number of iterations 100
Cooling factor 0.95
Number of particles 20
Maximum number of iterations 50
PSO . )
Inertia weight w 0.5
Learning factors ¢, c, 2,2
Population size 20
GA Maximum number of generations 50
Crossover probability 0.8
Mutation probability 0.05
0.75 T T T T
SA
Rk . - PSO
L | IR S GA
0.70 :'.“ .
i
%) i
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Fig. 2 Average RMSE convergence curves over 30 runs

The minimum prediction variance can also be expressed di-
rectly using the variogram:

N(h)

Y= Gy 22 (=)= Z(x T, )

where 4 represents the spatial lag and N(4) is the number of sample
pairs separated by distance 4. By modeling and fitting the vario-
gram (e.g., spherical, exponential, or Gaussian model), the Kriging
weights can be derived using a parametric form. Variogram models
reflect the smoothness and scale of the spatial correlation of vari-
ables. Selecting the appropriate model significantly impacts the inter-
polation results (Miao and Wang, 2024). Fig. 3 shows the temperature
interpolation results using different variogram models.

As shown in Fig. 3, different variogram models exhibit pro-
nounced differences. These differences manifest in how they char-
acterize the variation trends of the temperature field. The spherical
model emphasizes global stationarity. The exponential model strikes
a favorable balance between trend continuity and responsiveness to
local variations. The Gaussian model, on the other hand, is more sensi-
tive to local perturbations. In this study, the exponential variogram
model is uniformly adopted as the core fitting model:

y(h)COJrC](l—e_Z), (5)
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Fig. 3 Comparison of temperature interpolation results among Gaussian,
spherical, and exponential variogram models

where C,, denotes the nugget effect, C, is the partial sill, and a is
the range. In this study, the empirical variogram is first computed
from spatial temperature observations. Subsequently, a weighted
least-squares (WLS) method is employed to fit the empirical vario-
gram to the exponential variogram model. Finally, leave-one-out
cross-validation (LOOCV) is used to optimize the model parameters,
with the objective of minimizing the Kriging prediction variance to
determine the final variogram parameters. To ensure the adaptability
and generalization capability of the variogram model across different
experimental scenarios, scenario-specific data sources and process-
ing strategies are adopted for variogram fitting in simulations, indoor
experiment, and kilometer-scale field experiment.

Compared with traditional interpolation methods, Kriging inter-
polation explicitly models spatial correlation through the variogram.
This gives trend representation a clear statistical-physical meaning
and demonstrates distinct advantages in terms of stability, interpret-
ability, and trend consistency.

Step 1
Data collection

Step 2
Prediction

3 Methodology

As discussed above, GRNN assumes that the inputs are inde-
pendent and identically distributed during the prediction process.
In contrast, Kriging interpolation can model the relationships among
input measurements, making it more rigorous and interpretable. We
propose the KFEF algorithm to overcome the limitations of exist-
ing single prediction methods. This algorithm integrates the ad-
vantages of GRNN prediction and Kriging interpolation. The pro-
posed KFEF framework is illustrated in Fig. 4.

To provide a clearer and more coherent description of the
overall framework of the proposed method, we formulate GRNN-
based prediction, Kriging-based spatial modeling, and KF within a
unified state-space data fusion model.

First, within this unified framework, a dynamic GRNN-SA
optimization algorithm based on the minimum RMSE is proposed.
The algorithm has two components: outer-loop temperature update
and inner-loop state update. The annealing temperature is updated
iteratively in the outer loop using a geometric cooling strategy. In
the inner loop, candidate parameters undergo multiple random pertur-
bations at a fixed temperature. The acceptance of new solutions
is determined according to the Metropolis criterion. The details of
GRNN-SA are introduced in Section 3.1.

Second, a novel temperature prediction method named KFF is
introduced. This method uses temporal and spatial correlations in
temperature data to estimate temperature states within a KF. More-
over, an adaptive KF-based temperature estimation framework is
constructed. This framework consists of a set of structurally consis-
tent adaptive KFs and is theoretically grounded in Kriging variogram
models to establish a spatial state model with statistical signifi-
cance. Meanwhile, to avoid the uncertainties introduced by the
empirically specified measurement noise covariance, we use GRNN
to model errors in the temperature time series and construct the

Step 3
Fusion

GRNN
predictions

Sensor
measurement

SA
optimization

Temporal
alignment

Semivariogram
modeling

Trend surface
correction

5

Filter
initialization

Status
prediction

Optimal spatial
estimation

Prediction
update

GRNN
predictions

Sensor
measurements

Observability

Fusion
estimation

Kriging
predictions

Correct

J s 4

Fixed-interval smoothing

Fig. 4 Proposed temperature prediction system



measurement noise covariance matrix. The details of KFF are de-
scribed in Section 3.2.

Finally, a fixed-interval interpolation method is proposed to
enhance the prediction accuracy and expand the sensor data. The
fixed-interval interpolation method has two components: interpola-
tion and fusion processing. The data predicted by GRNN and Krig-
ing are interpolated at equal intervals into the measurement data.
The interpolated data are treated as observations, which are then
processed using KFF. The processed data are regarded as the final
prediction results. The details of the interpolation method are intro-
duced in Section 3.3.

3.1 GRNN-SA optimization algorithm

To address GRNN’s tendency to become trapped in local opti-
ma and its limited generalization capability, a dynamic GRNN-SA
optimization algorithm is proposed. This algorithm introduces prob-
abilistic distributions under different conditions to perform refined
searches and achieve convergence in regions where superior solu-
tions have been identified. Thus, it balances global exploration and
local exploitation.

The dynamic GRNN-SA optimization algorithm treats the
GRNN prediction error as the energy function of the SA algorithm.
In the early stage, the initial temperature is high. According to
the Metropolis criterion, inferior solutions are accepted with a high
probability. This gives the system strong global search capabilities
and the ability to escape local optima. During the search process,
the algorithm explores the optimal solution in the solution space.
It does so under the guidance of the current optimal region, updat-
ing the probability of accepting different solutions. The stages of
the interaction process between SA and GRNN are illustrated in
Fig. 5.

The RMSE of the validation set is defined as the energy func-
tion of the SA algorithm:
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E(0)=5; D005 (x,0))) ©

where y, denotes the dimensionality of the test point, y (x,, o) rep-
resents the temperature predicted by GRNN, and M denotes the
number of validation set samples. The one-dimensional Gaussian
kernel function is defined as

..,N, (7)

where x, represents the i input of the training sample. The normal-
ized weight formulation is represented as

w;(x, a)=7Ni s ()

where j is the summation index over the training samples. The GRNN
prediction is given as

P(x, a)=§w,-<x, o)y )

To prevent overfitting and improve the prediction capability for
unknown points, the LOOCV method is used to calculate the error.
Hence, the energy function is expressed as

Fuao(0) = S0 3l o)) (10)

where p_, (¥, o) represents the GRNN prediction obtained after
removing the ™ sample from the dataset. The optimal value of o is
defined as

Fig. 5 GRNN-SA optimization process



6 | ENGINEERING Inform Technol Electron Eng 2026 27(5):260005

o' =argminE (o),
0@

an

where @ is the search range. According to the Metropolis criterion,
a new state, ¢, is randomly selected from the current state, o". The
energy difference is represented by AE=E(¢")—E(c"), and the accep-
tance probability is expressed as follows:

1, AE<0,
(12)

accept = AE
expl——1|, AE>O0,
Tk

where T, is the temperature parameter at the " iteration in the SA
process, which is determined by the current GRNN prediction.
When the current RMSE exceeds the initial RMSE, there is still a
certain probability of accepting a suboptimal solution. When the
predicted output temperature does not meet the error requirements,
it will be gradually reduced according to the geometric cooling
strategy: T,,,=aT,, 0<a<l. The detailed procedure is explained in
Algorithm 1.

3.2 KFF method

In small-scale temperature field modeling, the temperature
field tends to reach a steady state, and a sensor fusion algorithm
based on a linear KF is proposed. The data fusion process of the
KF algorithm is divided into two stages: prediction stage and cor-
rection and update stage. In the prediction stage, the state estimate
from the previous time step is used to predict the current state. The
correction and update stage uses observations of the current state to
correct the prediction obtained in the previous stage, yielding a rel-
atively accurate state estimate at the current time, as shown in
Fig. 6.

1. Prediction stage: KF uses the control input #,_,, the poste-
rior estimate x,_; at time k-1, and its covariance matrix P,_, to
predict the value x; and the covariance P; at the current time k as
follows:

x,=Ax,_,tBu,_,,

13
P;=4P, A" +0Q, 13

Measure

Input:
measurement value

1. Calculate the Kalman gain
2. Estimate the current state
using the state update
equation

Output: system
state estimate

Has the maximum
number of iterations
been reached?

I Unit delay L
l (n-1—n) r

Algorithm 1 GRNN-SA algorithm

Input: dataset D, outer iteration number K, inner iteration number L, error

threshold £,, initial temperature 7, and cooling coefficient & (0<a<1).

Output: o, ., E, -

1: Initialize smoothing factors o€ @ and £ according to Eq. (10), and
S€t Oyt 00 Bt E s T T3

2: for i=1 to K do

3: if £, <E, then

4 Break;

5: end if

6: forj=1to L do

7 Generate candidate solution ¢’ = ¢+ 10°, and add perturbation &

curr’

on a logarithmic scale;

8: Calculate new energy E,,, =ENERGY (D, o, ¢ );
9: Update AE=E . —E_.;

10: if AE<0 or U (0, 1)<exp (- AE/T) then

11: Update o=0", E_,, = E, .

12: ifE . <E,. then

13: Update 0. =0, E\ = E 10

14: end if

15: end if

16: end for

17: T<—aT;

18: end for

19: Return o, £, .;

where A denotes the state transition matrix, @ is the process noise
covariance matrix, and B represents the control input matrix.

2. Correction and update stage: The Kalman gain K, deter-
mines the weighting between the predicted information x and the
observed information z,. Using K, the state x, and the error covari-
ance P, are updated to perform correction as follows:

K, =P, H'(HP,H'+R)",
X, =X, + K, (z,-Hx)),
P,=(I-K H)P;,

(14)

where H is the observation matrix that describes the mapping from
the state space to the observation space, and R denotes the measure-

ment noise covariance matrix.

Initialize
Input:
system state
initial estimate

Predict

Calculate the
prediction state for the
next iteration using
system’s dynamic
model

Fig. 6 Kalman filter principle



3.2.1 State transition matrix based on Kriging

According to the geostatistical theory, Kriging provides the best
linear unbiased estimator (BLUE) under the assumption of second-
order stationarity. The Kriging weights characterize the spatial depen-
dence among neighboring points through the variogram model.
Within the KF framework, the Kriging weight matrix is employed to
construct the state transition matrix, enabling the filter to incorporate
spatial correlations into the dynamic evolution of the temperature

field. The set of spatial positions is denoted as S={s,, s,, -+, s,}, and
the state vector is expressed as
X,:[T,(S]), TI(SZ),'”aTt(Sn)]TERn, (15)

where s, denotes the target estimation point and 7(s,) represents
the temperature at time ¢ and s,. The variogram y is used to charac-
terize the spatial correlation, expressed as
1
y(h)ZEVar(T(erh)—T(s)). (16)

For a second-order stationary temperature field, the relation-
ship between the variogram and the covariance is given by

C(h)=Cov(T(s),T(s+h))

—o?=y(h), (17)

where ¢* denotes the overall variance. Using the standard ordinary
Kriging equations without an external trend term, m neighboring
points s; are employed to interpolate the unknown point s,. For
each neighborhood index p=1, 2, ---, m, the following condition is
satisfied:

Sy (s,=s)tu=y(s,=s,),

Jj=1

(18)

where 4 is the Lagrange multiplier and /; is the linear unbiased
weight of Kriging satisfying the unbiasedness constraint:

Si=1. (19)
J=1

Combining Eqgs. (17) and (18), the local variance matrix is de-
fined, yielding

(i) = — =
Iy=y(s,=s)p, ¢=1,2,--,m. (20)
We define the vector yj,") e R", yielding
2=y(s,=s0), p=12,m, 1)

where y is a spatiotemporal vector-valued variogram with time scale,
s, represents the spatial coordinates of the p" neighboring sampling
point, and y;” describes the variation characteristics from s, to the
unknown interpolation point s, within the given time scale. Egs. (21)
and (20) differ distinctly in variable form and the integration of
time scale.

Defining the vector 1,=(1,---,1)TeR”, the augmented ma-

trix form of the linear system is expressed as
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ro 1 Z(i) y(i)
[ 170 ] ml L]
where the local weight A is the Kriging weight at point i. For each
temperature prediction target point i=1, 2, -+, n, the neighborhood

(22)

N(i) is selected, and A" is solved. The weights of each row are
placed in the i" row of matrix AeR"*", and each row represents
the local Kriging weight vector:

4;;= / ) (23)
’ |0, otherwise.

Following the above derivation and the autoregressive model
of temperature, the state transition matrix is obtained:

A=a (A T+(1-a(At)) A, 24)

where o (At)=¢™"

Assumptions on the spatiotemporal characteristics of the tem-

, T is the time scale, and At is the step size.

perature field are introduced to construct a state transition matrix
based on Kriging weights. First, the spatial temperature field is
assumed to satisfy second-order stationarity within a local region.
Second, the temperature evolution at each spatial location is assumed
to be primarily influenced by neighboring locations rather than dis-
tant points. Third, over short time intervals, the temporal evolution
of temperature is assumed to exhibit weak temporal autocorrelation,
implying relatively smooth variations. In this study, the spatial tem-
perature field is primarily dominated by spatial propagation with
weak short-term autoregression, yielding
A=A. (25)
The matrix Q is modeled using the Kriging variance and its
associated covariance structure. Specifically, the diagonal elements
are expressed as

0 )=0i(s)=1 (0= (s)y(h,.) +uls)  @6)

where y () denotes the variogram of the temperature field defined
in Eq. (16), n represents the number of neighboring sampling points
used for Kriging interpolation, /,(s;) denotes the optimal unbiased
Kriging weights at location s, obtained from Eqgs. (17)-(19), A, is
the spatial lag distance between the /™ sampling point and the target
location, and (s, ) is the Lagrange multiplier obtained from solving

the Kriging system. The off-diagonal elements can be expressed as

0, )=Cov [53(5,), 52 (5) 17 (h, )= Yy (5,7 (hy, )

=S (5 Chy Vs (). @)
j=1

The treatment of strongly nonstationary atmospheric fields is
widely acknowledged as a fundamental challenge in both geostatis-
tics and atmospheric modeling. Absolute distance measurements
focus on scenarios in which the temperature field approximately
satisfies local stationarity (Wu et al., 2017; Xu et al., 2020). In this
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study, the experimental data are likewise collected during periods
with relatively stable meteorological conditions and are obtained by
averaging multiple measurements, thereby satisfying the assump-
tion of second-order stationarity. This ensures the applicability and
effectiveness of the proposed modeling approach.

3.2.2 Measurement model

The KFF framework employs a multisource parallel observa-
tion architecture comprising three independent observation branches:
physical sensor observation branch, GRNN-based temporal predic-
tion branch, and Kriging-based spatial interpolation branch. The
covariance matrix of the GRNN-SA prediction noise is obtained using
the statistical error sampling method. The GRNN method naturally
accommodates nonlinear models and is used for high-dimensional
data prediction. Let the temperature time series be

y(t), t=1,2,---,N. (28)
Generate the prediction values in the training set:
V() =faran (¥ (1:2=1)). (29)
Define the prediction residual of temperature data as
e(t)=y(t)=7(1). (30)

The output of GRNN is expressed in the form of kernel regres-
sion as

FO)=2w (1)), €3]

_[y(z—l)—y(i—l)]z)

exp
207 N

and >w,(1)=1.
s [y(t-1)-yp(i-D] =
zeXp LY Y

=1 202
Therefore, the prediction error of GRNN consists of the weight
error of neighboring samples introduced by kernel regression, the
propagation of observation noise through kernel weighting, and the

where w,(t) =

structural approximation error of GRNN. KF requires the measure-
ment noise matrix satisfy the following relationship:

R=E[e(t)e(t)"]. (32)

Under the GRNN sample framework, the measurement noise
is estimated as

R 1S ee) (o2 (33)

__ 1 . -
where € = — > e,. For a multisensor temperature prediction system,
m &

i=1

the complete measurement noise covariance matrix is given by

Var(e,)  Cov(e.e,) Cov(e,.e,)

A Cov(e,, e Var (e Cov(e,, e,

| Coviene) (e) (e, )
Cov(e,,e,) Cov(e,,e,) Var (e,,)

mxm

3.3 Fixed-interval interpolation method

In accordance with the aforementioned unified spatiotemporal
state-space model, the precision of state estimation is constrained
when the number of sensor observation points is limited. To improve
the accuracy of temperature measurement and enrich sensor data, a
fixed-interval interpolation method is proposed. The fixed-interval
interpolation is illustrated in Fig. 7. Here, Z, denotes the measured
temperature value, Z, represents the GRNN-SA prediction result,
and Z, denotes the Kriging interpolation result. The value Z, is pre-
dicted using Z, as the prior, while Z, is obtained by performing
Kriging interpolation on Z,, and Z,. Within the meteorological interval
L, Z, and Z, are inserted into L at fixed intervals and unified into a
local coordinate system aligned with the principal directions, form-
ing the column vector [ Z,,Z,, Z,, Z\, Z,,,, -+ ]

Start data

‘ GRNN data

GRNN interpolation

‘ Measurement data
. Kriging data
Q Kriging interpolation

Fig. 7 Fixed interpolation model

By integrating the GRNN prediction, Kriging-based spatial
interpolation, and KF processes into a unified spatiotemporal state-
space model, the state estimation update equation is formulated as

X =Ayx;_+K(Z,~HAx,_,). (35)

The Kalman gain and covariance propagation equations are
given by
K:Pk\kleT(HPk\kleT + R rax )_l,
Pk\k-leKPk—lAnT( +0.

(36)
(37

In Egs. (35)-(37), Z, is the observation vector, i.e.,[ Z,,, Z,, Z,,
Z,Z,, ], A¢ denotes the state transition matrix constructed from
Kriging interpolation, Q represents the process noise derived from
the Kriging variogram, R ;. denotes the observation noise associ-
ated with the GRNN prediction, and K is the Kalman-computed
fusion gain.

Therefore, the proposed KFEF model is simplified into two
components: interpolation and fusion processing. First, the measured
temperature values are obtained and expanded by performing fixed-
interval interpolation based on GRNN-SA predictions introduced
in Section 3.1 and Kriging interpolation. Second, fusion filtering
is carried out using the KFF introduced in Section 3.2. After KFF



processing, the final prediction results are produced which consti-
tute the output of the proposed KFEF model.

4 Experiment and results

4.1 Experimental setup

To evaluate the performance of the proposed method, simula-
tion, indoor experiment, and outdoor experiment are conducted. First,
a temperature field simulation is established in Python. To meet the
requirements of long-distance measurement, the simulation mea-
surement length is set to L=1000 m. Terrain undulation is consid-
ered the main factor affecting temperature variation, and a one-
dimensional temperature field random walk model is constructed
along the measurement path. It is assumed that the temperature ex-
hibits small random variations between adjacent spatial sampling
points and satisfies the following relationship:

T (5 )= T+ ()5, (%)

where &, e{-1,0, 1} represents the random perturbation caused by
terrain undulation.

Second, atmospheric parameter acquisition experiments are
conducted multiple times using a sensor array system at indoor and
outdoor testing sites in Hangzhou, China. Additionally, the method
for evaluating the prediction accuracy in the experiments is critically
important. In this experiment, the traditional RBF interpolation
method, GRNN-SA prediction, and ordinary Kriging interpolation
are used as baselines to evaluate the interpolation performance. To
provide a comprehensive evaluation, we further consider two repre-
sentative spatiotemporal modeling approaches as baseline methods:
STK and GP. Three evaluation metrics are introduced to assess the
accuracy of the interpolation results: RMSE, mean absolute error
(MAE), and mean absolute percentage error (MAPE). The calcula-
tion formulae are provided as follows:

[1T& .
RMSE:J N i;(y( ’—y( )2, 39)
1 N » y
MAE=—N E [y<’)—y(‘ |, (40)
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(41

where ') and 7" represent the observation and estimation values
at position s, respectively. In both indoor and outdoor experiments,
a compact sensor array is deployed at equal intervals along the
measurement path to collect temperature distributions. The number
of sensors remains constant, and the density of sensors varies at
different distances during outdoor experiments. All sensors are
installed at a height of approximately 1.5 m above the ground to
mitigate the influence of ground thermal radiation. The sampling
frequency is set to 1 Hz, with a temperature measurement accuracy
of £0.1 °C. To ensure reproducibility, the main algorithmic parame-
ters used in the experiments are summarized in Table 2.

4.2 Analysis of simulation results

In this study, we use the Monte Carlo method to perform
1000 random simulations based on the physical evolution of the
temperature field and take the average, systematically comparing
the interpolation and prediction performances of different methods.
The results indicate that KFF outperforms all baseline methods in
overall interpolation accuracy. Compared with RBF, KFF achieves
an approximately 44% improvement in RMSE, significantly enhanc-
ing the upper limit of temperature field reconstruction accuracy and
validating the effectiveness of the fusion framework in complex
meteorological parameter estimation problems.

Furthermore, KFF is compared with two representative methods
in Fig. 8: GRNN-SA and Kriging interpolation. The results show
that KFF improves RMSE by approximately 21.8% and 14% com-
pared to GRNN-SA and Kriging, respectively.

As shown in Fig. 8, the three methods exhibit significant dif-
ferences in local regions. In region A (where temperature changes
are drastic and local fluctuations are pronounced), the GRNN-SA
method, by leveraging historical time-series information, effectively
captures short-term dynamic temperature variations. In contrast,
Kriging interpolation, due to sparse spatial samples, responds inade-
quately to rapidly changing temperature gradients, exhibiting a cer-
tain smoothing bias. In region B (where the overall trend is clear
and spatial continuity is strong), the Kriging method demonstrates
good capability in capturing the overall temperature distribution
trend but cannot accurately reflect local details. The GRNN-SA

Table 2 Parameter settings for the three methods

Method Parameter Value/Description
GRNN smoothing factor search range [0.01, 10]
Kalman filter sampling interval Is
Number of Kriging neighbors 5
KFEF

Ordinary variogram model Exponential
SA initial temperature 26 °C
Cooling factor 0.95
Time variogram model Exponential

STK Space variogram model Exponential
Kernel function type Separable spatiotemporal squared exponential

Gp Hyperparameter optimization method Maximum likelihood estimation

Number of neighboring samples

Initial noise variance

20
0.01




10 | ENGINEERING Inform Technol Electron Eng 2026 27(5):260005

26.3 T T T T
Actual
— #— - GRNN-SA
— #— - Kriging
KFF 2
O 21} Al
o \\J
= /
§ 460 480 500 520 540 560 '
g ﬁ B
E
° 259 1 ‘b\“ &[J\M {f{j
257 = .
0 200 400 600 800 1000
Length (m)

Fig. 8 Comparison of temperature prediction among GRNN-SA, Kriging,
and KFF in simulations

method exhibits some errors in the spatial consistency of tempera-
ture. The KFF method, by integrating the prior information from
Kriging and GRNN in regions A and B, achieves better results than
both GRNN-SA and Kriging predictions.

Unfortunately, simulations show that when the number of tem-
perature observation points is limited, the accuracy of KFF is rela-
tively low. To analyze the effect of the number of temperature ob-
servation points on the fusion accuracy of KFF, numerical simula-
tions are conducted under different observation densities. Specif-
ically, 10, 20, 30, 40, and 50 temperature observation points are set,
and the prediction results are quantitatively evaluated using RMSE,
MAE, and MAPE (Table 3).

Table 3 Comparison of the three evaluation metrics between KFF and
KFEF at different numbers of points in simulations

Number of RMSE MAE MAPE
points KFF KFEF KFF KFEF KFF KFEF
10 0.045 0.026 0.034 0.023 0.13 0.11
20 0.036 0.025 0.032 0.022 0.12 0.10
30 0.031 0.025 0.027 0.021 0.11 0.09
40 0.025 0.024 0.021 0.020 0.09 0.09
50 0.024 0.023 0.020 0.020 0.08 0.08

As shown in Table 3, the prediction accuracy of KFF is closely
related to the number of observation points. When the number of
observation points is small, for example, 10 or 20, the fusion results
exhibit relatively large errors. This indicates that under limited obser-
vation information, the state estimation is insufficiently constrained,
leading to a decrease in fusion accuracy.

As the number of observation points increases, KFF predic-
tion performance shows a clear improvement trend. When the
number of observation points increases from 10 to 50, RMSE de-
creases by approximately 47%, and both MAE and MAPE exhibit
a consistent monotonic decline. Moreover, when the number of obser-
vation points reaches 40 and 50, the differences in the error metrics
are small, and the prediction accuracy stabilizes.

However, in practical applications, the number of observation
points is limited by sensor deployment costs and environmental con-
ditions, making it difficult to meet the requirements for high-density
sampling. To address the performance limitations of KFF under

sparse observation conditions, in this study we introduce a fixed-
interval interpolation method and construct the KFEF approach.
Under identical observation density conditions, the quantitative com-
parison results with KFEF are also presented in Table 3. The results
indicate that the KFEF scheme consistently achieves higher accuracy
than KFF across all observation densities, with the performance gain
becoming more pronounced as the observations become sparser.
Specifically, when the number of observation points is 10, KFEF
achieves an RMSE improvement of 42% relative to KFF.

The performance advantages of KFEF in dynamic temperature
data modeling and prediction are even more pronounced. Fig. 9 shows
the fitted temperature field based on the prediction data. Fig. 9a
shows that the KFEF predicted temperature field closely matches
the actual temperature field in both overall trends and local fluc-
tuation features, effectively tracking rapid temperature changes.
Fig. 9b shows that although STK accounts for both spatial and tem-
poral correlations, its performance is constrained by sparse observa-
tions, resulting in an insufficient response to dynamically varying
temperature gradients and a pronounced smoothing effect. While
GP achieves lower overall errors compared with STK, it remains
inadequate in capturing abrupt changes, leading to relatively large
errors at discontinuity points.

Fig. 10 illustrates the error distribution between the prediction
results of KFEF, STK, and GP and the actual temperature field. The

26.3 26.3
Actual
= RBF
-« - KFEF .
O 26.1 O 26.1
[0 [0
5 5
© ©
[0} [0}
Q. Q.
g g
8 259 8 259
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Fig. 9 Temperature prediction in simulations: (a) RBF and KFEF; (b) GP
and STK

Temperature error (°C)
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0 200

Fig. 10 Distribution of temperature errors for the five methods in
simulations



KFEF prediction errors are generally small and are evenly distributed,
with no significant systematic bias or localized error concentration.
The error of GP increases markedly in regions with sharp tempera-
ture gradients, whereas the error of STK exhibits a relatively uniform
overall distribution. The maximum absolute errors of both methods
are significantly higher than those of KFEF.

These observations are fully consistent with the underlying
theoretical framework: The spatiotemporal variogram fitting in STK
is highly sensitive to sample density. In small-sample scenarios, the
lack of sufficient data-driven support leads to overly smooth inter-
polation. The kernel function in GP is difficult to optimize globally
in small-sample scenarios, resulting in local prediction fluctua-
tions. In contrast, the proposed KFEF method recursively inte-
grates spatial covariance information and temporal prediction ca-
pability within a KF framework, effectively suppressing the local
measurement noise and reducing the spatial interpolation bias.

To quantitatively evaluate the overall performance of different
methods in temperature field reconstruction, we conduct a compara-
tive analysis of RBF, KFF, GP, STK, and KFEF methods. RMSE,
MAE, and MAPE metrics between the interpolation results and
the actual temperature data are summarized in Table 4. The results
indicate that KFEF outperforms both RBF and KFF across all error
metrics, and the performance improvements of GP, STK, KFF, and
KFEF relative to RBF are shown in Table 5. Compared with STK
and GP, both of which account for spatiotemporal correlations, KFF
achieves modest reductions in RMSE of 5.2% and 2.7%, respec-
tively, thereby validating the effectiveness of the KFF framework
in integrating spatiotemporal information. With the introduction of
fixed-interval interpolation, the KFEF method further enlarges the
RMSE reductions to 34.21% and 32.43% relative to STK and GP,
respectively, highlighting the substantial improvement in spatio-
temporal modeling accuracy achieved through data augmentation
strategies under sparse observation conditions.

Table 4 Three error evaluation metrics between the interpolation results
of five methods and the actual temperature in simulations

Method RMSE MAE MAPE
RBF 0.065 0.044 0.17
STK 0.038 0.035 0.14

GP 0.037 0.034 0.13
KFF 0.036 0.032 0.12
KFEF 0.025 0.021 0.09

Table 5 Reduction ratios of the four methods relative to RBF in terms of
the three error evaluation metrics

Reduction ratio (%)

Method
RMSE MAE MAPE
STK 41.54 20.45 17.65
GP 43.08 22.73 23.53
KFF 44.05 28.83 28.75
KFEF 61.54 52.03 47.06

4.3 Indoor results

To further verify the accuracy of the proposed KFEF method,
an indoor validation experiment is conducted. Atmospheric parame-
ters are collected using a sensor array, ranging measurements are
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performed with a self-developed microwave ranging system (Zhao
et al., 2013), and a high-precision laser ranging system is employed
as a reference for result validation; the experimental setup is shown
in Fig. 11.

Taking a propagation distance of 30 m as a representative case,
the KFEF method is compared with RBF. As shown in Fig. 12, the
fitting results of KFEF are closer to the actual temperature curve,
whereas RBF performs a local fit based on the measured tempera-
tures and exhibits noticeable deviations from the actual temperature.

The error distributions of different methods are shown in Fig. 13.
The RBF method demonstrates the most significant deviations and
fluctuations, as it does not consider the spatial correlations or tempo-
ral evolution of the temperature field. The incorporation of spatial
and temporal factors in both GP and STK results in a substantial re-
duction in error compared to RBF; nevertheless, their errors persist

Ranging system Reflector

>> High-precision << 6 \:i Laser interferometer
measuring unit ?m
@ '-m! terminal

Fig. 11 Indoor validation platform
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Fig. 12 Temperature prediction comparison between RBF and KFEF in
the indoor experiment
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Fig. 13 Distribution of temperature errors for the five methods in the
indoor experiment
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at a slightly elevated level compared to those of KFF. By integrating
prior information from both temporal and spatial domains, KFF
achieves recursive error suppression and effectively prevents error
accumulation. The KFEF method attains the lowest error and the
smallest fluctuation amplitude. The fixed-interval interpolation
strategy augments the observational information, mitigating the
degradation in state estimation caused by sparse observations, while
KFF fusion performs optimal estimation over the augmented multi-
source data. These results are consistent with the theoretical find-
ings from the simulations.

The quantitative error metrics are summarized in Table 6, show-
ing that KFEF outperforms the comparative methods across all error
indicators. Compared with RBF, RMSE decreases from 0.3504 to
0.1471, representing an approximate reduction of 58%; relative to
KFF, KFEF also achieves a significant improvement in accuracy,
thereby validating the effectiveness of data augmentation.

Table 6 Three error evaluation metrics between the interpolation results
of five methods and the actual temperature in the indoor experiment

Method RMSE MAE MAPE
RBF 0.350 0.312 1.49
STK 0.195 0.164 0.73
GP 0.193 0.154 0.72
KFF 0.190 0.148 0.70

KFEF 0.147 0.121 0.57

Ranging accuracy is used to validate KFEF, and the empirical
relationship between the atmospheric refractive index and tempera-
ture is given as follows (Riieger, 2002):

P e e
— = A - . w + w
n—1=77.6890 T, 6 39387;, 375 463—T2, (42)

a

where P is the air pressure, T, is the air temperature, and e, is the
water vapor partial pressure. The relationship between the actual dis-
tance and the microwave-measured distance is expressed as follows:

lre = lmr/na + 5 (43)

mr?
where /. denotes the actual distance measured using a high-precision
laser ranging system in this experiment, /  represents the micro-
wave-measured distance, n, is the atmospheric refractive index along
the measurement path, and J, denotes the uncertainty of micro-
wave ranging. By substituting the corrected temperatures listed in
Table 6 into the distance correction formula, the distance devia-
tions of the ranging system before and after correction are summa-
rized in Table 7.

Table 7 Atmospheric refraction correction test results in the indoor
experiment

Deviation

Distance (m)

Before correction (mm) After correction (pm)

10 3.09 5.25
20 6.13 3.09
30 9.11 7.61

The results indicate that after refractive index correction, the
ranging error is reduced from the millimeter level to the micrometer
level, demonstrating that temperature prediction accuracy has a direct
and significant impact on microwave ranging accuracy.

4.4 Outdoor results

A kilometer-scale baseline experiment is conducted in Hang-
zhou, China. The atmospheric meteorological parameters along the
path are continuously collected and combined with a precision mi-
crowave ranging system to model and correct atmospheric refrac-
tion errors. The experimental path is gradually extended, with the
maximum ranging distance reaching approximately 1000 m.

Due to the limited number of temperature sensors deployed
along the field ranging path, it is difficult to obtain a continuous
ground-truth temperature field. Therefore, the temperature field must
be estimated or reconstructed from sparse observations. In the out-
door experiment, we adopt the standard deviation (STD), which is
a commonly used metric in metrology, as the evaluation criterion
for temperature field reconstruction (Wu et al., 2017). Specifically,
the mean value of the estimated temperatures along the path is first
computed, and the temperature STD is then calculated with respect
to this mean value to characterize the degree of spatial variation
along the path. The path temperature STDs obtained by different
methods are presented in Table 8.

Table 8 Comparison of temperature prediction STD among four methods
in the outdoor experiment

Temperature STD (°C)

Distance (m)

RBF GP STK KFEF

24 0.19 0.12 0.13 0.10
48 0.28 0.21 0.22 0.15
72 0.31 0.23 0.24 0.17
168 0.38 0.29 0.31 0.20
312 0.40 0.34 0.35 0.22
432 0.43 0.37 0.38 0.24
600 0.45 0.39 0.40 0.25
792 0.49 0.36 0.37 0.26
1008 0.51 0.45 0.48 0.27

As shown in Table 8, at short distances, such as 24, 48, and
72 m, where the sensors are relatively densely deployed, the error
reduction achieved by KFEF compared with GP and STK is limited;
consequently, the performance advantage of KFEF is not signifi-
cant. However, as the distance increases without a corresponding
increase in the number of sensors, the sensor distribution becomes
relatively sparse, and the STD achieved by KFEF is significantly
lower than those of GP and STK. Specifically, at 24 m, the temper-
ature STD of KFEF is 0.10, representing a 47.37% reduction com-
pared with that of RBF and reductions of 16.67% and 23.08% com-
pared with those of GP and STK, respectively. At 1008 m, the tem-
perature STD of KFEF is 0.27, corresponding to a 47.06% reduc-
tion relative to that of RBF and reductions of 40.00% and 43.75%
compared with those of GP and STK, respectively. From the above
analysis and experimental validation, it can be concluded that under
sparse sensor deployment in dynamic outdoor environments, KFEF
is still capable of accurately capturing the spatial variability of the



temperature field. Although the error is slightly higher than that in
stable indoor environments, it remains within acceptable limits for
current engineering applications.

Furthermore, a comparative analysis between the corrected
ranging results and the reference data with known accuracy shows
that the maximum difference is less than 1 mm. This result further
validates the effectiveness and engineering value of the proposed
atmospheric refraction correction method for long-distance micro-
wave ranging applications.

5 Conclusions

In this paper, we propose a temperature field construction
method based on KF-integrated GRNN prediction and Kriging inter-
polation for data fusion, which is suitable for constructing atmo-
spheric refraction coefficients and various temperature prediction
problems. First, a dynamic GRNN-SA optimization algorithm based
on minimizing RMSE is proposed, using SA to quickly find the
optimal parameters of GRNN. Second, a temperature data filtering
system composed of KF, GRNN-SA, and Kriging interpolation is
proposed to adapt to dynamic field environments. Finally, to improve
the prediction accuracy, a fixed-interval interpolation method is
introduced to further expand the temperature dataset. The proposed
algorithm continuously corrects temperature measurement data and
enriches the dataset using all available data knowledge, reducing
measurement errors from temperature sensors and enhancing the
accuracy of temperature field predictions. The performance of the
proposed method has been validated through simulation data as well
as indoor and outdoor evaluations. The results demonstrate that the
KFEF-based temperature field construction method can achieve
stable and accurate predictions of meteorological temperature data.

While the proposed method exhibits favorable performance in
experimental settings, its applicability is contingent on specific
conditions. First, the proposed method is founded on the second-
order stationarity assumption inherent in ordinary Kriging. In actual
atmospheric environments, strong convective activity or localized
heat source disturbances may induce pronounced nonstationary
characteristics in the temperature field, thereby affecting the accuracy
of spatial correlation modeling. The modeling of nonstationary spa-
tial fields has long been recognized as a challenging problem in
both geostatistics and atmospheric environmental modeling. In
practical applications of atmospheric refraction correction, data
acquisition and experiments are typically conducted during periods
characterized by relatively stable meteorological conditions. Conse-
quently, this assumption is reasonable and acceptable within the ex-
perimental scenarios considered in this study.

Future research will focus on temperature field modeling under
complex nonstationary atmospheric conditions, for example, by
incorporating universal Kriging models, adaptive variogram estima-
tion methods, and deep learning-based spatiotemporal modeling
frameworks, to further enhance the adaptability and robustness of
the proposed approach in complex environments.
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