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Abstract: In this paper, we investigated the influence of climatic factors, particularly low temperature
and humidity, on the grounding resistance of transmission towers in severely cold regions. Drawing
on a full year of field monitoring data, we first identified a clear negative linear correlation between
temperature and grounding resistance. Notably, the inclusion of precipitation as an additional variable
led to a significant increase in the model’s explanatory power and indicated that the resistance behavior
was influenced by multiple environmental factors. To further explore the nonlinear and dynamic
aspects of this relationship, we used multifractal detrended fluctuation analysis (MF-DFA) and
multifractal detrended cross-correlation analysis (MF-DCCA). The computational results showed that
the resistance time series exhibits strong multifractal characteristics and suggests high variability across
temporal scales. Moreover, the combined influence of temperature and precipitation demonstrated a
markedly stronger cross-correlation with resistance than temperature alone. These findings emphasize
the complex and multiscale nature of grounding behavior in harsh climates and underscore the
importance of moving beyond simplified linear models. Our research offers both methodological
insights and practical implications for the design, maintenance, and risk assessment of power
transmission infrastructure operating under extreme weather conditions, particularly in high-latitude
or alpine environments.
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1. Introduction

The function of the grounding resistance of overhead transmission line towers is to guide the
impulse current or lightning current into the ground through the natural grounding and artificial
horizontal grounding body of the tower foundation under lightning strike state, to protect the safety
of equipment. The grounding of transmission towers is the most important part of transmission lines
and is one of the indispensable measures to prevent lightning disasters. To ensure the safe and stable
operation of the transmission system, it is particularly important to observe the grounding resistance
of transmission towers, especially to explore the factors that affect the grounding resistance value.

The design of grounding systems is fundamentally dependent on soil properties, with soil
resistivity being a core parameter [1]. It is widely established that soil resistivity is not static but is
intricately influenced by a multitude of meteorological factors, such as soil humidity, temperature,
and precipitation [2, 3]. Early research established foundational models for this relationship; for
instance, Soares Gerscovich and Vipulanandan [4] proposed a hyperbolic model, while Bhatt and
Jain [5] explored the nonlinear regression between soil moisture and resistivity. Subsequent studies
consistently demonstrated that grounding resistance exhibits significant seasonal variations [6,7], with
researchers like Coelho et al. [8] highlighting the combined effects of surface soil, deeper resistivity,
and grounding system topology. To handle these complex relationships, methods like Artificial Neural
Networks (ANN) has been used to estimate resistance values from meteorological data [9]. Building
on this, researchers have delved into advanced modeling and specific environmental challenges. For
example, Rani et al. [10] utilized machine learning to evaluate the impact of soil moisture, AL-
Mahemmdi et al. [11] assessed the effects of seasonal variations on grounding resistance, and Yuan
et al. [12] studied the significant impact of freeze-thaw cycles in cold regions.

Although these models provide valuable insights, they often simplify the complex, dynamic, and
nonlinear interactions inherent in the soil-climate system. Conventional linear correlation methods, in
particular, may not adequately capture the underlying multiscale dynamics. To address this gap, we
adopt multifractal detrended fluctuation analysis (MF-DFA) [13, 14] and multifractal detrended cross-
correlation analysis (MF-DCCA) [15]. These algorithms are powerful tools for identifying multifractal
properties and scaling behaviors in nonstationary time series, making them well-suited for exploring
the coupled, nonlinear relationships among temperature, humidity, and grounding resistance. The
applicability of these methods is supported by their successful use across scientific domains, including
finance [16, 17], meteorology [18], and geophysics [19]. Geophysical researchers, for example, have
used MF-DFA to characterize seismic sequences [20] and MF-DCCA to analyze cross-correlations
between land surface temperature and precipitation [21], while others have applied them to soil
temperature and humidity time series [22]. Wang et al. [23] proposed a hybrid MRI classification model
that combines MF-DFA and the Allen—Cahn equation [24] to improve classification accuracy. Wang
et al. [25] presented a one-dimensional multifractal local fitting DFA method using traditional MF-
DFA. These applications demonstrate the robust potential of MF-DFA/DCCA for uncovering complex
nonlinear dynamics. However, we also acknowledge the potential limitations of MF-DCCA [26],
which may induce spurious correlations under certain conditions. Informed by the work of Oswiecimka
etal. [27], we give special attention to these potential biases in the experimental analysis and conducted
robustness analysis to ensure the robustness and validity of the research results.

Furthermore, we endeavor to connect its data-driven, model-free analysis to the broader literature
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on adaptive and stability-guaranteed learning for systems with unknown dynamics. In the absence of a
complete physical model, learning from data to ensure system stability is a frontier issue. For instance,
Meng et al. [28] proposed a model-free robust optimal control algorithm based on Adaptive Dynamic
Programming. In a similar vein, methods like Neural Ordinary Differential Equations [29] offer tools
for learning system dynamics, while frameworks such as Control Barrier Functions [30] provide
rigorous stability guarantees. Accordingly, the multifractal characteristics and cross-correlations
identified in this study offer a quantitative basis for the future design and validation of such adaptive
models for grounding system performance.

In this study, we aim to move beyond simple linear correlations by using multifractal analysis to
quantify the complex, non-linear dynamics and long-range cross-correlations between meteorological
factors and grounding resistance. The application of this method is theoretically justified because
grounding resistance emerges from a complex climate-soil system, where multifractal meteorological
inputs interact with heterogeneous soil properties and non-linear processes, and this interaction
inherently produces a signal that possesses multifractal characteristics.

The outline of this article is shown as follows. In Section 2, we introduce two methods, MF-
DFA and MF-DCCA. In Section 3, we give the data sources used for the numerical experiments. In
Section 4, we investigate the correlations between the grounding resistance and the meteorological
factors according to the time series data. Conclusions are given in Section 5.

2. Methodology

2.1. MF-DFA

Multifractal Detrended Fluctuation Analysis (MF-DFA) is an advanced methodology for studying
the multifractal properties of signals and time series. This tool is crucial in many scientific fields
for understanding the multifractal nature of data. The MF-DFA algorithm unfolds through five
sequential steps:

(1) Construction of the integrated profile: Given a time series x(i) for i = 1,2,...,N, with N
being the length, Y (7) is constructed as follows:

Y(i) = Z{x(k) -x}, i=12,...,N. 2.1

k=1

Here, x(k) is the k-th value of the original time series, x is the mean of the series, and Y (i) is the
resulting cumulative sum profile.

(2) Segmentation and detrending: The profile Y(i) is segmented into M; = int(N/s) non-
overlapping segments of equal length s. This process is also applied from the series end, resulting
in 2M; segments. In each segment v, the local trend is determined and removed. This is achieved by
fitting a polynomial function to the data in the segment using a least-squares fit, a standard method
that minimizes the sum of squared differences between the profile and the fitting polynomial. We use
a polynomial of order m, denoted p'(i), to represent this local trend.

(3) Calculation of the fluctuation function: The fluctuation function for each segment v is
calculated by the variance between the integrated profile and its local trend. This is performed
for segments from both the beginning and the end of the series. For segments from the
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beginning (v = 1,2, ..., My):

N

2 _l _ N men2
Fi(s.v) = < 3 V(@ = Ds +i) = plO)I (2.2)

i=1
for segments from theend (v = My + 1, M +2,...,2M;):

N

F(s.) = = Y YN = (0= Ms+) - pLO)T (23)
S

i=1

where F?(s, v) represents the variance of the detrended profile within the v-th segment of size s.
The g-th order fluctuation function F,(s) is then obtained by averaging over all segments, for g real,
including negative and positive values, as follows:

2M,

F(s) = [ 2;4 > (Fs, v))gl : 2.4)

v=1

where F(s) is the g-th order overall fluctuation function for a given scale s, and g is the moment order,
which can be any real number except zero. However, for g = 0, which cannot be directly computed
due to division by zero, we use a logarithmic averaging:

1 2M
o Z In (F(s, v))l . (2.5)
S oy=1

(4) Multifractal scaling analysis and spectrum determination: The g-th order fluctuation
function F,(s) is expected to follow a power-law relationship with the scale s, such that F,(s) o sH@,
The exponent H(g) is known as the generalized Hurst exponent. The behavior of H(g) across values
of g reveals the fractal nature of the time series. If H(g) is constant for all g, the series is monofractal;
if H(q) depends on ¢, the series is multifractal. The value of the generalized Hurst exponent indicates
the nature of the temporal correlations in the series. For ¢ = 2, which corresponds to the classical
Hurst exponent:

Fo(s) = exp

* H(2) > 0.5 indicates persistent or long-range positive correlations, where an increase is likely to
be followed by another increase, and a decrease by a decrease.

* H(2) < 0.5 indicates anti-persistent or long-range negative correlations, where an increase is
likely to be followed by a decrease, and vice versa.

* H(2) = 0.5 suggests a lack of long-range correlations, characteristic of a random walk process.

The multifractality degree is quantifiable through the range of Hurst exponents, AH = H(Gmax) —
H(qmin)- The multifractal spectrum f(e) is derived from the scaling exponent 7(g) = gH(g) — 1 through
a Legendre transform: @ = dv(q)/dq and f(a) = ga — 7(g). In this transform, 7(g) is the multifractal
scaling exponent, « is the singularity strength, and f(«) is the multifractal spectrum, which represents
the fractal dimension of the subset of the series characterized by the singularity strength . The width
of this spectrum, defined as A@ = @max — Umin (Where @ and @, are the maximum and minimum
values of « for which f(a) > 0) serves as a key indicator of the degree of multifractality. A broader
spectrum (a larger A«) signals stronger multifractality.
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In this paper, MF-DFA is performed using a second order polynomial detrending (m = 2) to capture
local nonlinear structure in the integrated profiles. The scale range is set to s € [20, 30] with 11
discrete scales to balance statistical stability and temporal resolution. The g-th order fluctuation
functions are computed over a symmetric range g € [—10, 10] with 21 equally spaced moments. The
case ¢ = 0 is treated via logarithmic averaging. Generalized Hurst exponents H(g) are estimated
by linear least squares regression of log F,(s) versus log s, followed by the computation of scaling
exponents 7(q) = gH(g)— 1, the singularity spectrum («, f(«)), and the multifractal spectrum width Ac,
which quantifies the degree of multifractality.

2.2. MF-DCCA

The MF-DCCA emerges as a robust extension designed to scrutinize the multifaceted interrelations
between pairs of non-stationary time series.

Herein, we delineate the core steps integral to the MF-DCCA process:

(1) Preparation of cumulative sequences: Starting with two distinct time series X; and Y,
where j = 1,2,..., N. Calculate their respective means, XandY,as X = ﬁ Z?’:l X; and Y = % 2721 Y;.
Thereafter, construct the cumulative sequences (P(j) and R(j)) from these series:

J

PG)= ) (Xn=X), j=12,...,N, (2.6)
m=1
J

RG)= D (Yu=7), j=12...,N. 2.7)
m=1

(2) Segmentation into scales: Divide the integrated sequences P(j) and R(j) into segments of equal
length s, yielding a total of 2N, segments for each series, with Ny = int (%)

(3) Polynomial fitting: Similar to the procedure in MF-DFA, a polynomial of degree k is fitted to
each segment using the least-squares method to determine the local trends, producing P, (i) and R,(i):

P)=ay+aii+ai® +...+ai*, i=12,...,s, (2.8)

R()=bo+bii+bi®+...+bi*, i=12,...,s, (2.9)
where P, (i) and R, (i) are the polynomial fits of degree k for the v-th segment of the profiles P and R,
respectively. The coefficients ay, ..., a; and by, ..., b; are determined by a least-squares fit.

(4) Covariance computation: Calculate the detrended covariance for each segment to quantify the
degree of cross-correlation:

F(s,v) = ~ Z |P(v - Ds+i) = P,Gi)| - |[R(v = Ds+i) = R,()|, v=1,...,N,, (2.10)
§ i=1

Fs.v) = PPN = v = Nos +i) = Pu(@)] - [RW = (v = Ny)s + ) = Ry(0)
N

i=1

,v=N,+1,...,2N,.

(2.11)

(5) Scaling analysis and multifractal spectrum determination: Similarly, the cross-correlation

fluctuation function F,(s) is expected to scale as a power-law with s: F,(s) « s7@, where H,(q) is
the generalized cross-correlation exponent. The interpretation of H,,(q) for g = 2 is as follows:
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* H.(2) > 0.5 indicates persistent cross-correlations, meaning that fluctuations in the two series
tend to change in the same direction.

* H,,(2) < 0.5 indicates anti-persistent cross-correlations, meaning that fluctuations in the two
series tend to change in opposite directions.

* H,(2) = 0.5 suggests that the two time series are not long-range cross-correlated.

Multifractality in the cross-correlation is evidenced by the variability of H,,(g) with g. The mass
exponent 7,,(g) and the singularity spectrum f,,(a) are calculated analogously to the MF-DFA case.
First, the scaling exponent is defined as 7,,(q) = gH,(q) — 1. Then, the multifractal spectrum is
obtained through the Legendre transform: « = dr,,(q)/dgq and f(a) = ga — 7,,(q). The width of
the singularity spectrum Aa = a,,,, — @, quantifies the degree of multifractal cross-correlation.

In this paper, to quantify multifractal cross correlations between resistance and meteorological
variables, we use MF-DCCA. Both series are mean centered and cumulatively integrated to form
profile functions. Local polynomial detrending of order k = 2 is applied within each scale segment
to mitigate nonstationary trends. The scale range is set to s € [10, 20] with 11 discrete scales,
balancing robustness and temporal resolution. For each scale, forward and backward segmentation
is performed, and detrended covariances are computed. The g-th order fluctuation function is
evaluated over g € [—10, 10] with 21 equally spaced moments; logarithmic averaging is used
for g = 0. Generalized cross Hurst exponents H,,(q) are estimated by linear regression of log F,(s)
against log s, followed by the computation of the mass exponent 7,,(q9) = gqH,(q) — 1 and the
singularity spectrum (ayy, fiy(@)). The multifractal spectrum width Aa,, is used to quantify cross scale
multifractality of Temperature/Resistance and Temperature+precipitation/Resistance pairs.

3. Data collection

To study the correlation between meteorological factors and grounding resistance, we collect real
grounding resistance data from a transmission line tower in Jilin Province using a resistance detector
and the ETCR2800 Non-contact Grounding Resistance Online Detection Device, which is shown in
Figure 1(a). Figure 1(b) shows the environment of the data collection area, and Figure 1(c) shows
the resistance detector setup. This device is designed and manufactured for online monitoring of
the connection status of grounding conductors, loop grounding resistance, and metal loop bonding
resistance. Unlike the traditional “three-point method” measurement, the device uses a non-contact
grounding resistance measurement method. The measurement principle is based on electromagnetic
induction, where the circular sensor is placed around the grounding electrode, and grounding resistance
is measured using the principle of electromagnetic induction, without the need to insert electrodes into
the soil.
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R1 RO

(d)
Figure 1. (a) The nature environment of the transmission line tower location, and (b) the
access condition of the resistance detector. Time series of precipitation data, and precipitation
value (¢) used for multiple linear regression. (d) The equivalent circuit diagram of the ground
resistance measurement for the transmission tower. We have connected multiple grounding
points through the overhead ground wire, forming a multi-point grounding system.

The device consists of a sensor and a circuit board module. The sensor’s dimensions
are 160x125x90mm, with an aperture of 53X20mm and a weight of approximately 1989g. The
maximum operating current of the device is S0mA Max, and it is connected through an overhead
grounding conductor to form a multi-point grounding system, making detection very convenient.
The device works based on the following principles: The excitation signal is generated by a high-
frequency excitation source (typically in the range of 10 to 100kHz) embedded within the sensor.
This source generates an alternating magnetic field through the excitation coil. The sensor used
in this study uses a square wave signal with a 5V amplitude and a 20kHz frequency to drive the
magnetic core, forming a closed magnetic circuit. The grounding conductor cuts the magnetic flux
lines within the alternating magnetic field, inducing an electric current (I) according to Faraday’s
law of electromagnetic induction. The magnitude of this induced current is inversely proportional
to the grounding resistance R, (I = E / R;, where E is the induced electromotive force). The induced
current passes through the detection coil (e.g., CTI magnetic core), generating a secondary induced
current (I). This signal is then processed through multi-stage amplification, filtering, and synchronous
demodulation techniques to extract the effective signal. Finally, the resistance is calculated using
the formula R; = K x V,,,/I (where K is a calibration coefficient), and the microcontroller (MCU)
computes the resistance value, which is then output through the RS485 interface. In addition, to more
clearly illustrate the working principle of the equipment used, we show the illustration of the working
principle of the equipment and the circuit board in Figure 2. The equivalent circuit of the device is
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shown in the figure below. In this circuit, R1 represents the predicted grounding resistance, and RO is
the equivalent resistance of all other tower grounding resistances in parallel, that is:

Roy=Ry|IR3 [| Rs || - -+ || Ry,

where n represents the number of grounding points. As the number of grounding points increases, the
value of RO approaches zero. Therefore, from an engineering perspective, RO can be approximated as
zero. Based on this characteristic, the resistance value measured by the device can be approximated
as R1, the target grounding resistance. This device provides highly accurate grounding resistance
measurements and is not limited by the traditional grounding resistance measurement methods;
therefore, field detection becomes more flexible and efficient. Figure 1(d) shows the working principle
and the equivalent circuit of the device.

(a) (b)
Figure 2. (a) The schematic diagram of the device’s working principle. (b) The circuit board
diagram used in the device.

We also monitor the internal temperature of the tower’s inclination sensor to indicate the air
temperature during the data collection period. The data collection period starts from January 1, 2022
and ends on December 31, 2022. Since we mainly explore the influence of local temperature and
humidity on the resistance value of transmission towers in severely cold areas, we collect only data
from the low-temperature period in that area. Thus, a total number of 261 pieces of data for both the
temperature and grounding resistance time series are adopted for research analysis. In addition, except
the factor of the temperature, we also consider that the humidity can affect the values of grounding
resistance. Therefore, we collect the precipitation data from https://www.tianqi24.com in Figure 3.
From the data in Figure 3, we observe that the precipitation period is mainly concentrated from August
to November. Given that the primary influence of precipitation on soil resistivity in this region is the
transition between dry and wet states, we hypothesize a threshold effect rather than a linear response
to the amount of rainfall. Therefore, to capture this dominant shift in soil moisture, we convert the
precipitation data into a binary time series. This is done by designating the high-humidity period (the
rainy season) as ‘1’ and all other times as ‘0’, as depicted in Figure 3. This method simplifies
the model to focus on the distinct impact of the two major environmental states (dry vs. wet) on
grounding resistance.
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Figure 3. Time series of precipitation data, and precipitation value used for multiple
linear regression.

4. Empirical analysis

All computations are executed using MATLAB R2020a on an Intel(R) Core(TM) 15-6200 CPU
operating at 2.30 GHz. The specifications of the computer used for the analysis are provided to ensure
reproducibility and to offer context regarding the computational resources required for the methods
used. While the specifications do not directly influence the outcomes of the data analysis, they may
affect processing efficiency, particularly for large datasets or computationally intensive procedures.

We mostly study the correlations between the grounding resistance and the meteorological factors
according to the time series data. We first calculate the statistics metrics such as the minimal, maximal,
mean, variance, skewness, and kurtosis values for the temperature and the resistance time series. The
computed results are listed in Table 1.

Table 1. Descriptive statistics for the temperature and resistance data.

Category Min Max Mean o Skewness Kurtosis
Temperature (°C) -11.0200 28.8600 5.7100 9.7227  0.0638 1.9484
Resistance () 0.0140  6.0000 2.8225 1.6085 -0.2140  1.6215

Subsequently, we apply a linear regression model to the original temperature and resistance data to
calculate the coefficients. In these models, the grounding resistance is treated as the dependent variable,
while the raw meteorological factors are the independent variables. Table 2 presents the computed
coefficient values along with their corresponding p-values. Notably, the temperature coefficient is
statistically important, as its p-value is less than 0.05. Using the coefficients from Table 2, we generate
two sets of predicted resistance values. The first, denoted Tcopeceds 1S based on the simple linear
regression model using only temperature. The second, 7 Pcueced, 1S based on the multiple linear
regression model using both temperature (7}.y) and precipitation (P,). These models are defined
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in Eqs (4.1) and (4.2). This enables us to directly compare the predictive power of the two models.
Teorrected = ﬁO + ﬁl Traws 4.1)

TPorrected = ﬁNO +ﬁ~1 Traw +,82Praw’ (42)

where 8, and 3, are the intercept, B, 81, and 3, are the coefficient of temperature and precipitation,
respectively, shown in Table 2. The regression corrected temperature time series are shown in
Figure 4(a). In addition, the regression relationship between the temperature and the resistance is
shown in Figure 4(c). The residual distribution under linear regression of temperature and resistance is
shown in Figure 4(b). Figure 4(b) shows the residual distribution after performing a linear regression
between temperature and resistance. The residuals, plotted against the observations, highlight any
unexplained variability by the linear model. A visible pattern in the residuals indicates that the
relationship might be more complex than a simple linear model can capture.

6 : : : : 6
—— Temperature (°C) (regression corrected) ot : . o
5l Resistance (Q) _ 5 ° LN ee® o,
< L] L] o0 L] L]
= . . o8 o % sP0 0o *
| E oY S X
~ LX) L] L]
N & ‘ @ ) ®%e0 = -
© \ = o e °° . o o o
o3 M’W g of §3sg v, <
>“ M E ‘@' Poeo .’ .
L ' I R .
o [TVAL =l Vg2 a0 e
& RO R B
1 Te o 3982 e .
2r ® . o
0 ‘ ‘ ‘ ‘ ‘ ‘ ‘ ‘ ‘ ‘ oL 8. 50¢ .8 .
50 100 150 200 250 50 100 150 200 250 2 25 3 5 4
Observation (day) Observation (day) Regression corrected (Temperature) ( C)
(a) (b) (©)

Figure 4. (a) Trend of temperature time series and resistance, (b) residual distribution
under linear regression of temperature (°C) and resistance (€2), and (c) a comparison of the
predicted resistance values from the temperature-only model against the actual measured
resistance data.

To better demonstrate the correlation with resistance, we introduce precipitation as an additional
independent variable. This enables us to explore the synergistic effect of temperature and precipitation
on the grounding resistance value of transmission towers. Using a multiple linear regression model, we
calculate the coefficients and corresponding p-values of the dependent variable, resistance, under the
independent variables, temperature, and precipitation. Here, all variables are modeled in their physical
units: Temperature (°C), resistance (£2), and precipitation (mm/day; alternatively humidity in %RH).
We report unstandardized coefficients so that effects are physically interpretable (e.g., holding the other
predictor constant, a 1 °C increase in temperature is associated with a change of 87 Q in resistance;
likewise for precipitation/humidity with 5p Q per unit). We also diagnose multicollinearity. The results
of the coefficients and p-values of the linear regression model are shown in Table 2. According to
Figure 5 (a), the resistance fluctuations show a certain temporal alignment with the regression-corrected
temperature and precipitation data and according to Figure 5, the residual distribution indicates that the
linear model does not fully capture the relationship, suggesting a potential nonlinearity. The residual
plot in Figure 5(c) illustrates that grounding resistance is affected by temperature and precipitation.
Our analysis indicates that the p-value of the temperature coefficient is lower in the multiple regression
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model compared to the single regression model, suggesting greater reliability. Furthermore, the p-value
of precipitation coefficient is also below 0.05, confirming its statistical significance.

6
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Figure 5. (a) Trend of temperature time series and resistance, (b) residual distribution under
linear regression of temperature (°C) and resistance (£2), and (c) a comparison of the predicted
resistance values from the temperature and precipitation model against the actual measured
resistance data.

Table 2. Coefficients and the p-value of multiple linear regression model.

Statistics Coefficient p-value
Series pairs for regression Intercept X1 X2 Intercept X1 X
Temperature (°C)/Resistance (€2) 2.5204 0.053 / 1.810e-64 1.291e-07 /
Temperature (°C)/Precipitation (mm)/Resistance (£2) 1.838 -0.0615 3.140 9.217e-58 1.360e-09 8.817e-42

Besides, a noteworthy observation from Table 2 is the inversion of the temperature coefficient’s
sign between the linear and multiple regression models. In the linear regression model, the coefficient
is positive (+0.053), whereas it becomes negative (-0.0615) once precipitation is included. This
coefficient reversal is not a contradiction but a result of confounding between temperature and other
seasonal factors. The multiple regression model reveals the net effect of temperature: When humidity
remains constant, an increase in temperature enhances ion mobility in the soil and, consequently,
decreases resistance. Therefore, the result from the multiple regression model more accurately reflects
the true physical role of temperature.

Additionally, Table 3 provides the statistical regression evaluation metrics, including RMSE, R,
Adjusted R?, and the F-statistic. The units of the variables used in these calculations are listed in
Table 2 for reference. RMSE is the mean square root of the error between the predicted value and the
true value; the smaller the better. R? is the coefficient of determination, and the closer R? is to 1, the
better. Adjusted R? offsets the impact of sample size on R? and performs better with larger values.
F-statistic is used to verify the overall significance level of the model. Enhanced model reliability is
reflected by the decreased RMSE and increased values of R?, Adjusted R?, and F-statistic in Table 3.
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Table 3. Statistical indicators of multiple linear regression model.

Series pairs for regression RMSE R?>  Adjusted R*> F-statistic
Temperature/Resistance 1.53 0.102 0.0988 29.5
Temperature/precipitation/Resistance  1.07  0.56 0.556 164

To quantify and compare the goodness-of-fit of the two regression models, we use Pearson
correlation analysis. We calculate the correlation coefficient between the predicted resistance values
from each model (7 comecied aNd T Peorecied) and the actual, measured resistance data. This coefficient
serves as a direct measure of model performance, and its square corresponds to the coefficient of
determination (R?), which gives an intuitive indication of how effectively each model explains the
variance in the resistance data. The results, including the Pearson correlation coefficient and p-value,
are presented in Table 4. The absolute value of the Pearson correlation coefficient indicates the strength
of the linear relationship, with values closer to 1 representing stronger correlations. A p-value less
than 0.05 signifies statistically significant correlations. Based on the data in Table 4, we observe that the
improved model, which includes precipitation as an additional factor, exhibits a significantly stronger
linear correlation with resistance compared to the model considering only temperature. To examine
whether similar characteristics persist during the summer, we perform a linear regression analysis
on data from May to August. The resulting correlations between the fitted values and resistance are
analyzed using Pearson correlation, and the results are presented in Table 5. The findings are largely
consistent with those observed under low-temperature conditions. However, given that we primarily
focus on low-temperature scenarios, we will not delve further into the summer conditions.

Table 4. Pearson correlation between the regressed meteorological and resistance data.

Series pair Pearson correlation  p-value
Predicted (from Temperature) vs. Actual Resistance 0.4495 7.75e-07
Predicted (from Temperature+precipitation) vs. Actual Resistance 0.7015 4.71e-39

Table S. Pearson correlation between the regressed meteorological data and resistance values
during summer.

Series pair Pearson correlation  p-value
Temperature (regression)/Resistance 0.3197 1.29e-07
Temperature+precipitation (regression)/Resistance 0.7480 1.16e-46

To enhance the robustness and reliability of our experimental results, we use the Bootstrap
resampling technique to evaluate the stability of the findings given the limited dataset. We
conduct 1,000 bootstrap iterations on the available data to estimate the confidence intervals of key
parameters, including the correlation coefficients and regression coefficients. The results, presented in
Figure 6, reveal that the confidence intervals are relatively narrow, indicating the statistical reliability of
the results. This analysis demonstrates that, despite the constraints of a single series of measurements,
the outcomes remain robust under repeated resampling. The use of Bootstrap resampling not only
validates the consistency of our findings but also supports their potential applicability to similar
scenarios under comparable environmental conditions. This ensures that the conclusions drawn are
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reliable and statistically sound, even with a limited dataset.

Bootstrap Distribution of Pearson Correlation Coefficients

Bootstrap Distribution
— — — Lower Cl
— — — Upper Cl

Upper CI

Probability Density
>

w
T

0.85 0.7 0.75 0.8 0.85
Pearson Correlation Coefficient

Figure 6. Bootstrap resampling is applied with 1,000 iterations on the dataset to assess the
robustness and reliability of the results.

Next, we first take MF-DFA to analyze three types of time series, and multifractal indicators such as
the generalized Hurst exponents H(g), scaling exponents 7(g), and multifractal spectrum are adopted,
as shown in Figure 7. The results in Figure 7 imply that temperature, temperature precipitation
combination, and resistance time series exhibit multifractal characteristics, and the difference between
the maximum and minimum values of Hurst exponents can reflect the strength of multifractal, that
is, the stability of the sequence. The results show that the multifractal strength of the resistance
sequence is the highest and the least stable. In addition, the intensity of temperature time series
is the weakest. The curvature of the scaling exponents 7(g) curve can also describe the strength of
multifractals, and the results indicate the consistency of the above conclusions. Figure 7(c) presents
the multifractal spectra, where the width of the spectrum Aa quantifies the intensity of multifractality.
A larger Aa value indicates a stronger multifractal nature and a more complex fluctuation structure
within the time series. The analysis demonstrates that the resistance series (blue line) possesses the
strongest multifractal properties, as evidenced by its spectrum having the largest width at Aa = 1.2045.
In comparison, the temperature+precipitation series (magenta line) exhibits a moderate degree of
multifractality with a spectrum width of Aa = 0.7949. The temperature-only series (olive line)
shows the weakest multifractal characteristics, corresponding to the narrowest spectrum width of
Aa = 0.5311. Furthermore, the H(2) of all the three types of time series are smaller than 0.5, indicating
that all the three time series are negative persistence.

AIMS Mathematics Volume 10, Issue 11, 27985-28003.



27998

s Temperature (regression corrected) 5 1
1.5 e Temperature+precipitation (regression corrected)

e Resistance

1
. =
> =
= 05 -
= | | L ]
0 -
-15 | Temperature (regression corrected) -0.5/|== Temperature (regression corrected)
_Tclr}pcraturc+prcclp1tat10n (rcgrcsslon corrcctcd) N Temperature+precipitation (regression corrected)
e Resistance e Resistance
05 207 ‘
10 5 0 5 10 -10 5 0 5 10 -0.5 0 05 1 15
q a @
(a) (b) ©

Figure 7. Multifractal features of three time series under MF-DFA of (a) generalized Hurst
exponents, (b) scaling exponents, and (c) multifractal spectrum. A color version of the figure
is available in the web version of the article.

To assess the multifractality of the resistance values, we conduct a one-off robustness check on
key parameters and report the associated uncertainty intervals. Without altering the main workflow,
we vary the detrending order m € {1,2}, the scale ranges s € [10,25],[15,35],[20,40], and
the g-ranges (from [-5, 5] to [-10, 10]), as summarized in Figure 8 (a). We then apply a sliding-
window ensemble (window length L = 180, step = 15) to the series (Figure 8(b)). For each
configuration, we compute the distributions of H(2) and the spectrum width Ao and summarize
them by the mean and 95% confidence intervals (Cls), with stability assessed by the coefficient
of variation (CV), shown in Figure 8(c). The windowed estimates give a mean H(2) = 0.33
with 95% CI [0.30,0.37] and A = 1.17 with 95% CI [0.84, 1.28]. Across the parameter grid, the
stability metrics are CV[H(2)] = 0.067 and CV[A«] = 0.482, indicating that while short sample length
widens the intervals for Aa, the directional findings remain unchanged, and the major conclusions are
statistically robust and interpretable.
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Figure 8. MF-DFA robustness on the univariate series (here: Resistance). (a)
Parameter—sensitivity map of H(2): Columns show scale ranges s, rows show detrending
orders m; colors denote H(2) averaged over three g-ranges. (b) Sliding-window estimates
of H(2) (window length L=180, step = 15) with mean + SE band. (c) Window-wise boxplots
of H(2) and the spectrum width Aa. Together, the panels indicate consistent estimates across
admissible settings and a stable multifractal structure of the series.
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After checking that all three types of sequences have multifractal characteristics, we adopt the
ME-DCCA to study the cross-correlation between meteorological factors and resistance. The results
of the generalized Hurst exponents, scaling exponents, and multifractal spectrum of the cross-
correlation are shown in Figure 9. The results manifest that the AH,,, curvature of 7,,, and Aa,, of
Temperature+precipitation/Resistance are all greater than those of Temperature/Resistance, indicating
that the multifractal cross-correlation of Temperature+precipitation/Resistance is stronger. The
multifractal spectrum width for Temperature+precipitation/Resistance is Aa,, = 0.9926, which
is larger than the 0.8891 for Temperature/Resistance. Besides, the multifractal cross-correlation
persistence of both types of sequence combinations are reflected as positive persistence.

The MF-DCCA results provide deeper insights into the complex, scale-dependent relationship
between meteorological factors and grounding resistance, moving beyond simple linear correlations.
The stronger multifractal cross-correlation observed for the *Temperature+Precipitation/Resistance’
pair, evidenced by a larger spectrum width (Aa,,), indicates that the combined effect of temperature
and precipitation introduces a richer, more complex fluctuation structure in their relationship with
resistance across time scales. The positive persistence (H,,(2) > 0.5) found in this cross-correlation
suggests that periods of synergistic increase (or decrease) in the combined meteorological factors are
likely to be followed by sustained increases (or decreases) in grounding resistance. Physically, this
implies that the non-linear interplay between soil moisture (from precipitation) and ion mobility (from
temperature) creates a persistent, memory-driven system. For example, a prolonged period of cold
and dry weather not only increases resistance in the short term but also establishes a trend that is
likely to persist; a dynamic behavior that linear models fail to capture but is effectively characterized
by MF-DCCA.

s Temperature (regression corrected)/Resistance
Temperature-+precipitation (regression corrected)/Resistance

e Temperature (regression corrected)/Resistance
Temperature-+precipitation (regression corrected)/Resistance
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Figure 9. Multifractal features between any two sequences under MF-DCCA of (a)
generalized Hurst exponents, (b) scaling exponents, and (c¢) multifractal spectrum. A color
version of the figure is available in the web version of the article.

To mitigate uncertainty induced by the limited sample size, we perform a one-off robustness
check of key MF-DCCA parameters for the temperature+precipitation—resistance relationship and
report the associated uncertainty intervals. Without altering the main workflow, we vary the
detrending order m € {1,2}, the scale ranges s € [10,25],[15,35],[20,40], averaged over
plausible g-ranges, and apply a sliding-window ensemble (window length L = 180, step = 15).
Figure 10(a) shows the parameter-sweep heatmap of the spectrum width Aa,,; across all (m,s)
combinations, Aa,, remains large (roughly 1 to > 2), indicating a robust multifractal cross-correlation
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between temperature+precipitation and resistance. Figure 10(b) displays the time-resolved estimates
of H,,(2); the windowed mean is around 1.4 with a relatively narrow standard-error band, supporting
consistent persistence over time. Figure 10(c) presents the distributions (boxplots) of H,,(2) and Aa,
across windows; medians and IQRs are stable, and occasional outliers do not alter the overall
conclusions. Taken together, Figures 10(a)-(c) demonstrate that the cross-correlation between
temperature+precipitation and resistance exhibits a pronounced and robust multifractal structure with
positive persistence, and that the limited sample length mainly broadens the interval of Aa,, without
changing these directional findings.

It is crucial to acknowledge that these analyses are based on a limited data length (N=261).
While our robustness checks (Figures 8 and 10) confirm the stability of the findings, the precision
of multifractal exponents from short series is inherently constrained.
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Figure 10. MF-DCCA robustness and window analysis: (a) Parameter-sensitivity heat map
with scales s on the x-axis and detrending order m on the y-axis; color encodes the spectrum
width Aa,, for R versus T¢on+Peor. (b) Sliding-window H,,(2) (window length L=180,
step 15) with mean + SE band. (c) Distributions (box plots) of windowed H,,(2) and Aa,,.
Across admissible settings, results remain stable: T¢o+Pcor/R shows stronger multifractal
cross-correlation, a wider spectrum, and overall positive persistence.

5. Conclusions

In this study, we systematically examined the impact of climatic factors, temperature and
precipitation, on the grounding resistance of transmission line towers in extremely cold regions.
Our time series analysis revealed that resistance alone exhibits stronger multifractality and anti-
persistent behavior compared to meteorological variables. Linear modeling results showed limited
correlation between resistance and temperature, while the inclusion of precipitation significantly
improved correlation strength and model robustness. Using MF-DFA and MF-DCCA, we confirmed
that the resistance data exhibited complex temporal dynamics, and the combination of temperature
and precipitation provided stronger multifractal cross-correlations. These findings emphasized the
importance of considering nonlinear and multiscale interactions when evaluating grounding systems in
cold climates.

It should be emphasized that the contribution of this study is not the proposal of an algorithm, but
rather the application of established multifractal analysis to uncover the complex, dynamic coupling
between grounding resistance and meteorological factors. This diagnostic approach offers unique
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advantages in revealing the system’s “memory effects” and non-linear complexity, which are beyond
the scope of traditional linear models. Moreover, a primary limitation of this study is the relatively short
time series, which restricts the scaling range for multifractal analysis. Although our comprehensive
robustness checks support the major conclusions, future research would greatly benefit from longer-
term monitoring data. This would enhance the precision and generalizability of our findings, providing
a more definitive characterization of the complex relationship between meteorological factors and
grounding resistance. Furthermore, building upon the deeper understanding of the system’s dynamics
gained here, future work will shift toward developing predictive models. We plan to extend this analysis
to additional tower locations to evaluate geographical generalizability. Furthermore, we will compare
various state-of-the-art (SOTA) predictive methods, such as machine learning algorithms like Long
Short-Term Memory (LSTM) networks, and incorporate soil resistivity, freezing depth, and snow cover
data to develop more accurate predictive models and early-warning systems, ensuring the resilience and
reliability of power infrastructure under extreme climate conditions.
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