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Abstract: Accurate real-time icing grid fields are critical for preventing ice-related disasters during
winter and protecting property. These fields are essential both for mapping ice distribution and for
predicting icing using physical models combined with numerical weather prediction systems.
However, developing precise real-time icing grids is challenging due to the uneven distribution of
monitoring stations, data confidentiality restrictions, and the limitations of existing interpolation
methods. In this study, we propose a new approach for constructing real-time icing grid fields using
1,339 online terminal monitoring datasets provided by the China Southern Power Grid Research
Institute Co., Ltd. (CSPGRI) during the winter of 2023. Our method integrates static geographic
information, dynamic meteorological factors, and ice_kriging values derived from parameter-
optimized Empirical Bayesian Kriging Interpolation (EBKI) to create a spatiotemporally matched,
multi-source fused icing thickness grid dataset. We applied five machine learning algorithms—
Random Forest, XGBoost, LightGBM, Stacking, and Convolutional Neural Network Transformers
(CNNT)—and evaluated their performance using six metrics: R, RMSE, CSI, MAR, FAR, and fbias,
on both validation and testing sets. The stacking model performed best, achieving an R value of 0.634
(0.893), RMSE of 3.424 mm (2.834 mm), CSI of 0.514 (0.774), MAR of 0.309 (0.091), FAR of 0.332 (0.161),
and fbias of 1.034 (1.084), respectively, when comparing predicted icing values with actual
measurements on pylons. Additionally, we employed the SHAP model to provide a physical
interpretation of the stacking model, confirming the independence of selected features.
Meteorological factors such as relative humidity (RH), 10-meter wind speed (WSiw), 2-meter
temperature (T2), and precipitation (PRE) demonstrated a range of positive and negative
contributions consistent with the observed growth of icing. Thus, our multi-source remote sensing
data fusion approach, combined with the stacking model, offers a highly accurate and interpretable
solution for generating real-time icing grid fields.

Keywords: icing grid; EBKI; stacking model; remote sensing data fusion; SHAP model interpretation

1. Introduction

Global climate change has significantly increased the frequency and severity of extreme weather
events, intensifying the impact of meteorological disasters on infrastructure [1,2]. Since the first
recorded case of icing on power transmission lines in 1932, many regions worldwide have faced
severe icing disasters. One of the most notable examples is the 1998 ice storm in Canada, which
caused direct economic losses of $1 billion and indirect losses of $30 billion to the power system [3].
These extreme weather events increasingly threaten power systems, transportation, and agricultural
production, particularly in cold regions and areas prone to winter storms.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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In China, icing disasters are especially frequent in the southern regions. Since 2004, extreme cold
waves have become more common, with major events in 2008 and 2016 causing significant snow and
ice damage to power infrastructure, transportation, and agriculture [4]. For example, the 2008 ice
storm in southern China caused severe damage to the power grid, toppling 8,709 transmission towers
and breaking more than 27,000 transmission lines, leading to direct economic losses exceeding $18.7
billion [5,6]. Southern China’s unique geographical and climatic conditions, particularly in the
Yunnan-Guizhou Plateau, further elevate the risk of icing disasters. Factors such as wind speed,
liquid water content, and the orientation of transmission lines significantly influence the icing process
[7]. As China’s power grid rapidly expands, the risk of meteorological disasters affecting its
infrastructure has also increased, with icing posing a major threat to the system's safe and stable
operation. Therefore, it is crucial to develop accurate real-time icing grids and reliable ice thickness
predictions to safeguard the grid. To monitor icing on transmission lines, the China Southern Power
Grid Company (CSPGC) has installed over 3,100 icing monitoring devices across more than 1,100
lines, forming a monitoring network in regions prone to moderate or severe icing. These devices use
conductor tension data to provide real-time icing values, offering essential information for disaster
prevention and mitigation. However, the spatial distribution of these monitoring devices is uneven,
with a higher concentration in eastern Yunnan, Guizhou, and the northern regions of Guangxi and
Guangdong. As a result, the response to icing disasters across southern China is incomplete and
fragmented. To address this, combining real-time icing data from monitoring devices with real-time
meteorological data is essential for constructing accurate icing grid fields and generating reliable
icing distribution maps [8].

Physical models, such as the Makkonen and Jones models, are commonly used in conjunction
with Numerical Weather Prediction (NWP) models for icing forecasts [9-11]. However, the initial
grid for icing forecasts is typically based on data from previous forecast cycles, leading to cumulative
errors over time. By integrating real-time icing grid data at the start of the forecast, these inaccuracies
can be significantly reduced, improving the reliability of icing predictions.

The complexity of transmission line corridors in the China Southern Power Grid region,
characterized by diverse terrain and environmental conditions, poses further challenges for icing grid
interpolation techniques. Although research on icing grid fields is limited due to data confidentiality,
established interpolation methods used for air pollutants (such as PM:zs and Os) have been adapted
for icing grids. These methods include: physical interpolation techniques (e.g., inverse distance
weighting, spline interpolation, ordinary Kriging, and Empirical Bayesian Kriging (EBKI)), physical
models combined with interpolation (e.g., Lenhard [22], Goodwin, Makkonen [23,24], and Jones
models [25]), and machine learning-based statistical models (e.g., multivariate nonlinear regression,
artificial intelligence models) [12-14]. However, the 'black-box' nature of many machine learning
models limits their interpretability, making it difficult to explain the influence of input features on
predictions. To address this, the SHapley Additive exPlanation (SHAP) algorithm, based on game
theory, has been developed. SHAP quantifies the impact of input features on model outputs, offering
clearer insights into machine learning predictions [15].

Transmission line icing is influenced by various factors, including atmospheric circulation,
micro-meteorological conditions, local topography, and transmission line characteristics [7].
Atmospheric circulation data, often derived from latitude-longitude grids, typically lacks the
resolution needed for detailed icing grid analysis. Therefore, this study explores the creation of icing
grid fields using multi-source data fusion and ensemble machine learning models. Our study
contributes in the following ways: 1) we combine static geographic data, high-resolution dynamic
meteorological factors, and ice_kriging values derived from parameter-optimized EBKI to
spatiotemporally match real icing data from transmission line towers; 2) we apply the Bayesian
Optimization Algorithm (BOA) to optimize three machine learning models—Random Forest,
XGBoost, and LightGBM —then combine them using linear regression to form a stacking model. A
Convolutional Neural Network Transformer (CNNT) serves as a fifth model, with all models
undergoing ten-fold cross-validation; 3) we evaluate six icing error metrics to compare and identify
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the best ice_kriging error correction scheme for the four southern provinces (Yunnan, Guizhou,
Guangxi, Guangdong); 4) finally, we apply the SHAP model to provide a reasonable physical
interpretation of the most significant feature factors in the best-performing model.

2. Materials and Methods

2.1. Geographic and Climatic Features of the YGGG Region

This study focuses on the Yunnan, Guizhou, Guangxi, and Guangdong (YGGG) region in
southern China, which covers an area of approximately 975,000 km? (97.53 °E to 117.30 °E, 20.22 °N
to 29.23 °N; see Figure 1). In recent years, severe low-temperature events, including rain, snow, and
ice disasters, have led to frequent icing incidents on power transmission lines in this region. These
incidents pose a serious threat to the stable operation of the power supply, as well as public safety
and property security. Every year, from late December to early January, cold air masses from the
north frequently move southward. As these air masses are blocked by the Yunnan-Guizhou Plateau
and the Nanling Mountains, they contribute to the formation of the "Yunnan-Guizhou quasi-
stationary front" and the "South China quasi-stationary front." These atmospheric conditions lead to
significant icing on power transmission lines, particularly in areas such as Guizhou, northeastern
Yunnan, northern Guangdong, and the mountainous regions of northern Guangxi, threatening the
safety and reliability of the national power grid. The Yunnan-Guizhou region encompasses a variety
of climate zones, and the effects of micro-topography further exacerbate local climate variability,
making icing events more unpredictable and hazardous in these areas.
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Figure 1. Study area and locations of icing monitoring pylons. (a) The locations of the four southern provinces
(Yunnan, Guizhou, Guangxi, and Guangdong) in China. (b) Location and elevation of icing monitoring pylons
(divided into training and verification pylons) in the four southern provinces. Changes over time in the number
of pylons (icing value > 0). The gray shaded areas labeled 'first,' 'second,’ 'third," and 'forth' represent the four
cold wave events.
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2.2. Data Source and Data Preprocessing

2.2.1. Microtopography, Icing Grade, NDVI, LULC, and Elevation Data

The 90-meter grid Digital Elevation Model (DEM) data used in this study were sourced from the
Resource and Environment Data Cloud Platform (http://www.resdc.cn/). Microtopography in the
study area was identified and extracted using GIS analysis techniques, combined with the 90-meter
DEM data [16,17]. Based on the classification by the China Southern Power Grid Research Institute
Co., Ltd. (CSPGRI), nine types of microtopographies prone to icing were identified: ridge, valley,
saddle, windward slope, leeward slope, moisture ascent area, ridge-moisture area, valley-moisture
area, and saddle-moisture area (Figure 2b). Each of these microtopography types was assigned a
numerical label, with ridge as 1, valley as 2, and so on up to 9.

CSPGRI carried out extensive surveys focusing on geomorphological features, climatic
conditions, and icing monitoring. Drawing on these surveys, operational experience, and statistical
analysis of icing recurrence intervals, they developed a map depicting icing severity (Figure 2a) for
the YGGG region. This map highlights areas at risk for a potential 1-in-50-year icing event, which is
critical for understanding long-term icing patterns. Elevation data for the mountainous regions were
also extracted from the 90-meter DEM dataset. Using ArcGIS Pro 3.0, a focal statistics averaging
method was applied to the DEM data within a 300 x 300 grid. After averaging the data three times,
the final mountainous elevation data (Figure 2d) were obtained by subtracting these averaged results
from the original DEM data, isolating the majority of the mountainous terrain. For vegetation
analysis, the monthly Normalized Difference Vegetation Index (NDVI) data from December 2023 to
February 2024 were sourced from the MODIS MODI13A3 product, with a 1-kilometer spatial
resolution (Figure 2c). These NDVI datasets were accessed via the NASA Earthdata platform
(https://search.earthdata.nasa.gov/search) on April 28, 2025.

Additionally, the land use and land cover (LULC) data were derived from the GlobeLand30
dataset, which offers a 30-meter spatial resolution (Figure 2d). This dataset classifies land cover into
categories such as cultivated land, forest, grassland, shrubland, wetland, water bodies, artificial
surfaces, bare land, and glaciers/permanent snow, represented by numerical codes [10, 20, 30, 40, 50,
60, 80, 90, 100], respectively. The GlobeLand30 V2020 dataset, developed by the Aerospace
Information Research Institute of the Chinese Academy of Sciences, has been thoroughly validated.
Using over 230,000 sample points and the Landscape Shape Index model, the dataset achieved an
overall accuracy of 85.72% and a Kappa coefficient of 0.82. The dataset was downloaded from
https://www.webmap.cn/commres.do?method=globelndex, accessed on April 28, 2025. All the
aforementioned datasets underwent quality control and normalization procedures. Their spatial
resolutions were standardized to 90 meters to ensure consistency and accuracy for further analysis.
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Figure 2. Icing grade (a), microtopography (b), NDVI (c), LULC (d), and mountainous elevation data (f).

2.2.2. Meteorological and Icing-Monitored Data

The observed data used in this study were obtained from the China Meteorological
Administration's land data assimilation system (CLDAS-V2.0) real-time product dataset. According
to the documentation available on the official website
(https://data.cma.cn/data/cdcdetail/dataCode/NAFP_CLDAS2.0_RT.html), this dataset is
constructed through the integration of multiple data sources, including ground-based observations
and satellite data. It is further refined using advanced techniques such as multi-grid variational
assimilation, physical inversion, and terrain correction. Compared to other products, this dataset
offers superior quality, featuring higher spatial and temporal resolutions. The key variables used
from this dataset include 2-meter air temperature, 2-meter relative humidity, 10-meter wind speed,
surface pressure, and precipitation. These variables are processed by the China Meteorological Public
Service Center to a latitude-longitude grid format, covering a geographical range from 15 °N to 32.97
°N and 94 °E to 120.97 °E, with a spatial resolution of 0.03 ° x 0.03 ° (3 km by 3 km) and a temporal
resolution of 1 hour.

Through collaboration with the CSPGRI, we collected cumulative icing data from 1,339 icing
pylons during the period from December 17, 2023, at 9:00 a.m. to February 27, 2024, at 1:00 p.m.,
encompassing a total of 413 time points. Each time point included icing data from more than 200
pylons (icing values greater than zero) (Figure 1c). These data were divided chronologically into two
sets: the first 289 time points were used for training and validation, while the remaining 124 time
points were reserved exclusively for testing. Of the initial 289 time points, 937 pylons were used for
training, and 402 pylons were set aside for validation (Figure 1b). For testing, the 937 pylons were
used across the final 124 time points. To interpolate the real-time icing values from the pylons, we
employed the Empirical Bayesian Kriging Interpolation (EBKI) method, a widely used technique for
converting point data into gridded formats. Using this method, we first interpolated the icing data
onto a 540-meter by 540-meter grid, which was then resampled to a finer 90-meter by 90-meter grid.
Finally, bilinear interpolation was applied to align the grid values with the pylons used in validation
and testing. These kriging grid values (ice_kriging) were subsequently corrected using machine
learning models to enhance accuracy.

2.2.3. Evaluation Indicators

Various commonly used evaluation metrics are applied to assess the predictive performance of
models. In this study, we utilize the following key indicators: the correlation coefficient (R; Eq. (1))
and root mean square error (RMSE; Eq. (2)). Additionally, to compare the performance of different
machine learning methods and multivariate nonlinear regression models for gridded interpolation
of icing values, we employ several categorical performance indices: the missing alarm rate (MAR; Eq.
(3)), frequency bias (fbias; Eq. (4)), false alarm rate (FAR; Eq. (5)), and critical success index (CSL; Eq.
(6)). The threshold for determining the presence of icing is set at 2 mm. The formulas for calculating
these error metrics are as follows:

R= ‘ (1)

\/Z(yi_y)z\/ ()A/,—)A_/)Z
i= i=1
18,
RMSE = |- ( —y,) )
i=1
MAR = —M 3)
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In these formulas, n represents the number of samples, ¥, represents the i-th predicted value,
and Y, represents the i-th actual value. For the categorical performance metrics: H (Hit) indicates an

event recorded by both the icing-monitored pylons and the proposed icing gridded product; M (Miss)
refers to an event identified only by the icing-monitored pylons; F (False alarm) is an event detected
only by the proposed icing gridded product.

The evaluation metrics are defined as follows: Missing Alarm Rate (MAR) calculates how often
the proposed product fails to estimate the icing intensity observed by the icing-monitored pylons;
Frequency Bias (fbias) compares the number of icing events detected by the proposed product to
those registered by the pylons. An fbias > 1 indicates that the icing intensity is overestimated, while
fbias < 1 indicates underestimation; False Alarm Rate (FAR) measures the fraction of events
incorrectly identified by the proposed product; Critical Success Index (CSI) combines MAR and FAR
to assess the product’s overall ability to accurately detect various icing intensities. The optimal values
for fbias and CSI are 1, while for MAR and FAR, the ideal value is 0.

2.2.4. Proposed Icing Gridded Algorithms

This study utilized five machine learning algorithms across five experiments, with the objective
of improving the accuracy of real-time icing grid fields. The overall approach begins by identifying
the static and dynamic factors that influence the real-time icing grid. The real-time icing values of the
pylons are then calculated and interpolated using empirical Bayesian kriging to form a 90 m by 90 m
icing grid. These kriging icing values are subsequently interpolated back to the geographical
coordinates of the pylons through bilinear interpolation. Next, a machine learning model is built to
establish a statistical relationship between the static and dynamic factors and the real-time icing
values, with the overarching goal of correcting the kriging icing values to produce more accurate
real-time icing grids. The technical workflow, as illustrated in Figure 3, can be divided into three key
steps:

The first step involves data fusion, cleaning, and standardization. A total of six static factors
were selected: micro-topography data, the 2022 ice distribution grade map for a 50-year return
period, monthly Normalized Difference Vegetation Index (NDVI) data, land use/land cover data
(LULC), 90 m grid terrain elevation data (DEM), and mountainous elevation data (DEM_moun). In
addition, eight dynamic factors were identified: 10-meter wind speed (WSw), latitude, longitude,
surface pressure (PRS), relative humidity (RH), 2-meter temperature (T2), hourly precipitation (PRE),
and kriging icing values (ice_kriging). All 14 factors were standardized before being input into the
machine learning models.

The second step focuses on optimizing the machine learning models using the Bayesian
Optimization Algorithm (BOA) and performing cross-validation. The dataset consists of cumulative
icing values from 1,339 pylons, along with meteorological and geographical data for 413 time points
collected between December 17, 2023, and February 27, 2024. The dataset was split chronologically:
70 % of the time points (289) were used for training and validation, and the remaining 30 % (124)
were used for testing. Of the training/validation data, 70 % of the pylons (937) were randomly selected
for training, while the remaining 30 % (402) were used for validation. This division allows for an
assessment of the model's ability to correct kriging icing values on unknown pylons at the same time
point and on the same pylons at unknown time points. The dimensions of the training, validation,
and testing sets were 268,192 x 14, 114,733 x 14, and 115,082 x 14, respectively.
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Machine learning algorithms such as Random Forest (RF), XGBoost, LightGBM, stacking
models, and Convolutional Neural Network Transformers (CNNT) have been widely used in various
fields. For example, RF, XGBoost, and LightGBM have been applied to correct 10-meter wind speed
forecasts from the WRF model in southern China [18], while stacking models have been used to
analyze the influence of meteorological factors on ozone formation in Hangzhou [15]. CNNT models
have also been employed for denoising fluorescence microscopy images [19]. In this study, these
machine learning algorithms are primarily used to correct kriging icing values, aiming to produce a
more accurate and realistic icing grid. The BOA algorithm is employed to fine-tune the
hyperparameters of all models except for CNNT, resulting in optimal model configurations.

The third and final step is model evaluation and error analysis. The trained machine learning
models were applied to both the validation and testing sets to correct the kriging icing values, and
their performance was evaluated using standard error metrics. The primary objective is to identify
the best model for correcting icing grid values on unknown pylons at the same time point, as well as
for the same pylons at unknown time points. Although the available data covers a limited time
period, the 7:3 split for time and pylons within the same year provides a relatively robust framework
for developing accurate icing grid correction models.
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Step 1:Data acquisition, matching and standardization

Input variables

Longitude and latitude of
1,339 sets of icing pylons

PylonID lat lon

A 26.92 103.20
B 26.90 106.75
C 26.43 107.09

Identify the 14 important predictors :
micro_topo, icing grade, NDVI, LULC, —
dem_moun, dem, WSy, RH, T,, PRE, PRS,
ice_kriging, lon, and lat.

Step 2:Applying BOA to optimize Al models and cross validation

| ‘ |
| |
\ | o
; Splitting training, , and Applying 10-fold CV to detemine | ‘ :
| testing dataset the best parameters of Al models | |
| ENDDNENEOED | :
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\ ODD0OEOOOoO | | If Bagging: |
agging:1. RF

| COODOD0DOEDOO elif Boosting: y
| ooooooomono [ 2. XGBoost, 3. lightGBM | |
\ OOODOODEDEEE N
‘ ODNNODNEEDEEDE | . . '
} Selecting the first 289 time points | Linear Regression | :
| (402 pylons) as set. > | |
| Se_lecting the remaining 124 time | 4. stacking model W]
I | points (937 pylons) as testing set. | ‘ :
|

\ Applying and testing setsto | |
} | the best models | 5. Convolutional neural network transformer (CNNT) } :
\,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,Ii_,_, |
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| Step 3:Models evaluation and error analysis |
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| |
| |
| RMSE Calculating evaluation metrics I
| Csl |
R -0 [0 [ avetvineproposedmodels
| etc. for both training, , and testing set |
| |
| |
| |

Figure 3. Flowchart of correcting kriging icing values using five machine learning models.

3. Results

3.1. Optimal Parameters Selection for EBKI

EBKI relies on three main search parameters: Radius, Maximum Neighboring Features
(NBR_MAX), and Minimum Neighboring Features (NBR_MIN). In this study, we conducted grid-
based optimization for these parameters, varying the radius between 1 and 5, NBR_MAX between 1
and 15, and NBR_MIN between 1 and NBR_MAX. To evaluate the model's performance, we selected
a severe ice accretion event on February 24, 2024, at 09:00, during which more than 500 pylons
experienced ice accretion greater than 0 mm. We recorded the real-time ice accretion values for 937
pylons used in training, processed them using EBKI, and bilinearly interpolated them to the
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coordinates of 402 validation pylons to generate the corresponding ice_kriging values. These
interpolated values were compared to the actual monitored ice accretion values of the validation
pylons, and the model's accuracy was assessed using two key metrics: RMSE and CSI.

To determine the optimal parameter settings, we normalized the RMSE values from all
experiments to a [0,1] range, and their reciprocals were calculated to align with the interpretation of
performance (lower RMSE is better). Similarly, the CSI values were normalized to the same range,
where higher values indicate better performance. The final evaluation score was computed as a
weighted sum of the normalized RMSE and CSI values, with each metric assigned a weight of 0.5.
This approach ensured that optimal parameter settings simultaneously minimized RMSE while
maximizing CSI. The results of the experiment showed that varying the radius had little impact on
the evaluation scores for the other parameters. However, as shown in Figure 4, the CSI and RMSE
values generally improved (i.e., CSI increased and RMSE decreased) as the NBR_MAX and
NBR_MIN values increased. For instance, with a radius of 5, the optimal performance was achieved
when NBR_MAX was set to 5 and NBR_MIN to 1. Under these conditions, the highest evaluation
score was 0.752, with corresponding RMSE and CSI values of 3.90 mm and 0.67, respectively.
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Figure 4. 3D variation of CSI (a) and RMSE (b) values with NBR_MAX, NBR_MIN, and Radius set to 5.

3.2. Evaluation of the Proposed Models on the Training Set, Validation Set, and Testing Set

After parameter optimization, the EBKI model provides relatively accurate predictions of icing
gridded values across the training, validation, and testing sets. Tables 1 and 2 summarize the six error
evaluation metrics (R, RMSE, CSI, MAR, FAR, and fbias) for EBKI and the five machine learning
models applied to these datasets. The results indicate that the stacking model outperforms the others
in both the validation and testing sets, showing superior performance in all error evaluation metrics.
For the stacking model, the metrics on the validation set (and testing set) are as follows: R: 0.634
(0.893), RMSE: 3.424 mm (2.834 mm), CSI: 0.514 (0.774), MAR: 0.309 (0.091), FAR: 0.332 (0.161), and
fbias: 1.034 (1.084).

In contrast, the Convolutional Neural Network Transformer (CNNT) model shows signs of
overfitting. Although adjustments were made, the CNNT model performed worse than EBKI in the
validation set for predicting icing gridded values (ice_kriging). While R and CSI slightly improve in
the testing set, increasing from 0.851 to 0.859 and from 0.668 to 0.713, respectively, the RMSE also
rises from 3.315 mm to 3.469 mm, indicating poorer overall performance. Among the models, CNNT
performs the worst, whereas the other four machine learning models display reduced errors and
improved CSI scores compared to EBKI.

The improvements in error evaluation metrics on the testing set compared to the validation set
reveal important insights. Regardless of whether the common EBKI interpolation method or machine
learning approaches are used, interpolating icing values from known pylons to unknown pylons
(validation set) is particularly challenging, as evidenced by a maximum CSI score of 0.514. However,
interpolating icing values from the same batch of training pylons to unknown time points (testing
set) results in a much higher maximum CSI score of 0.774. This suggests that predicting icing values
for unknown pylons is more difficult than for unknown time points (Figure 5).

The Taylor distribution map in Figure 6 further illustrates the models' performance. The CNNT
model performs the worst in the validation set, while the stacking model consistently performs the
best across both validation and testing sets, as indicated by the blue star. Not only does the stacking
model achieve the highest R and RMSE performance, but its standard deviation is also closer to the
observed values, represented by the black dashed line.

Table 1. Evaluation table of R, RMSE, and CSI for EBKI and five artificial intelligence models in icing gridded

interpolation for training set, validation set, and testing set.

training set validation set testing set
Model = RMSE ( g EMSEC . . RMSEC
mm) mm) mm)

EBKI 0834 2224 0580 0574 3.602 0477 0851 3315  0.668
ghtGBM ooy 0708 0903 0630 3435 0504 0883 2949  0.774
XGBoost ) og6 0659 0920 0618 3477 0501 0887 3016 0758

RF

0988 0.609 0969 0630 3417 0511 0883 2951  0.767
stacking

0.987 0.661 0933 0.634 3.424 0.514 0.893 2.834 0.774
CNNT 0965 1.069 0.821 0.559 3.775 0.453 0.859 3.469 0.713

Table 2. Evaluation table of MAR, FAR, and fbias for EBKI and five artificial intelligence models in icing gridded

interpolation for training set, validation set, and testing set.

Model training set validation set testing set
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MAR FAR fbias MAR FAR fbias MAR FAR fbias
EBKI 0205 0318 1.166 0295 0404 1.183 0080 0291  1.297
lichtGB
IBMGBM ) 070 0026 0951 0824 0336 1.017 0096 0157  1.072
XGBoost
%%t 0059  0.023 0963 0328 0337 1014 0107 0166  1.07
RF
0020 0012 0993 0313 0334 1.032 0094 0166 1.086
tacki
SACKNE 0048 0.022 0974 0309 0332 1.034 0.091 0161  1.084
CNNT 0.128 0067 0934 0405 0346 0910 0170 0165  0.994
Training set Validation set Testing set
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Figure 5. The scatter density map of EBKI and the stacking model for the training set (a, d), validation set (b, e),

and testing set (c, f).
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Figure 6. Taylor distribution map of icing gridded interpolation for EBKI and five artificial intelligence models

in the validation (a) and testing (b) sets.
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3.3. Spatial-Temporal Variations in the Best Model

The stacking model demonstrated the best performance in both the validation and testing sets,
as evidenced by the comparison of evaluation metrics across the different models. Next, we further
analyze the spatiotemporal variations of the stacking model. Figure 7 presents the evaluation
metrics —CSI, MAR, FAR, and RMSE —over time for both the validation and testing sets, along with
a bar chart showing the number of pylons with an icing value of 0. The correlation coefficient (R)
between the number of pylons with an icing value of 0 and the metrics CSI, MAR, FAR, and RMSE is
also calculated.

The results show that the yellow line, representing MAR, indicates that the stacking model
mainly reduces MAR at each time point. On the other hand, the orange line, representing FAR, shows
little change between the stacking model and EBKI. As a result, the stacking model consistently
achieves higher CSI values compared to EBKI at each time point in both the validation and testing
sets. Additionally, RMSE decreases for the stacking model at each time point compared to EBKI. In
the validation set, the correlation coefficients (R) between the number of pylons with an icing value
of 0 and the metrics CSI, MAR, FAR, and RMSE for EBKI (stacking) are: -0.32 (-0.41), 0.26 (0.25), 0.31
(0.54), and -0.51 (-0.51). In the testing set, the corresponding R values for EBKI (stacking) are: -0.75 (-
0.07), 0.42 (-0.16), 0.31 (0.12), and -0.24 (-0.26).

These results indicate that in the validation set, there is a strong correlation between the number
of pylons with an icing value of 0 and the evaluation metrics for both EBKI and the stacking model.
However, in the testing set, the correlation between the stacking model metrics and the number of
pylons with an icing value of 0 is significantly weaker than that of EBKI. This suggests that in the
validation set, as the number of pylons with an icing value of 0 increases, the icing event intensity
decreases, making it more challenging for both EBKI and the stacking model to interpolate icing
values for unknown pylons. However, when all pylons are included in the interpolation process, the
stacking model's performance is largely unaffected by the number of pylons with an icing value of 0.
This finding suggests that to improve future icing interpolation studies, it will be critical to increase
the number of pylons used for icing monitoring, leading to more accurate grid-based icing
interpolation results.

Lastly, when examining the four cold wave periods, the RMSE values progressively increase
with each cold wave phase. This indicates that during these alternating cold wave events, the weather
becomes more unpredictable, leading to greater uncertainty and making it more difficult to capture
changes in icing values on the pylons.
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Figure 7. Scatter line plots of CSI, MAR, FAR, and RMSE over time for the EBKI and stacking model in the
validation set (a) (testing set (b)); Bar plot of the number of pylons (icing value of 0) over time; R represents the
correlation coefficient between the number of pylons (icing value of 0) and CSI, MAR, FAR, and RMSE; The gray

shaded areas labeled 'first,' 'second,’ 'third," and 'forth' represent the four cold wave events.

Figure 8 illustrates the spatial distribution of CSI and RMSE for both the EBKI and stacking
models on the validation and testing sets. In the validation set, the CSI and RMSE distribution maps
show that, following parameter optimization of EBKI, most pylons in the border area between
Yunnan and Guizhou, central-eastern Guizhou, and northern Guangxi achieve CSI scores above 0.5
and RMSE values below 5.4 mm. In Guizhou, approximately half of the pylons exhibit RMSE values
below 1.2 mm. After further correction of the ice_kriging values using the stacking model, there is an
improvement in CSI scores, particularly in northern Guizhou, where they increase from below 0.1 to
above 0.1 in the validation set.

Although the stacking model only shows modest improvements over the parameter-optimized
EBKI in the validation set, its performance is significantly better on the testing set. As shown in Figure
8e-h, the stacking model notably enhances both CSI and RMSE scores in the testing set, with CSI
scores increasing to above 0.9 and RMSE values decreasing to below 0.6 mm in the border area
between Yunnan and Guizhou.
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Figure 8. The spatial distribution of CSI and RMSE for the EBKI and stacking model on the validation (a, b, ¢, d)
and testing (e, £, g, h) sets.

4. Discussion

4.1. Interpretation of Feature Factors in SHAP Model

All global features are input variables for the stacking model, and their importance is visualized
using a summary plot based on SHAP values (Figure 9). Figure 9a shows the feature importance
ranking, where the most influential features in descending order are: ice_kriging, dem_moun, lon,
dem, lat, NDVI, PRS, T2, micro_topo, icing grade, LULC, RH, WSi, and PRE. Figure 9b represents
the magnitude of the features, with red shading indicating larger values and blue shading indicating
smaller values. The ranking from top to bottom reflects the decreasing importance of these features.
The plot also illustrates the impact of each feature on the model's predictions, represented by changes
in the Shapley values. For example, considering the most important feature, ice_kriging, the redder
the color, the larger the ice_kriging value, and the corresponding Shapley value increases, staying
above zero. This indicates that as the ice_kriging value increases, its positive contribution to the
model’s prediction (tendency for overestimation) grows. Conversely, when the color turns blue
(smaller ice_kriging values), the Shapley values gradually decrease from positive to negative,
meaning the feature's contribution shifts from overestimation to underestimation.
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The plot also shows how data points are spread along the y-axis to avoid overlapping. For
example, the blue region for ice_kriging shows significantly more dispersion along the y-axis
compared to the red region, indicating that the dataset contains many samples with lower ice_kriging
values. This distribution aligns closely with the training set data, where 211,054 samples had
ice_kriging values below 2 mm, while only 57,138 samples had values of 2 mm or more. This
demonstrates that there are significantly more samples without icing than those with icing in the

dataset.
High
(a) (b) ice_krigi -
_kriging
Feature Importance based on SHAP values (%)  gem moun ——
ice_kriging 75% lon — A
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Figure 9. Summary plot of feature importance ranking (a) and the positive and negative impact (b) of features
in SHAP.

Local features refer to a subset of input variables in the stacking model, and their effects can be
interpreted by analyzing feature dependencies and interactions, as illustrated in Figure 10.
Interaction refers to the phenomenon where the influence of one variable depends on the levels of
other variables [20]. The SHAP values in this study show that the interaction between features is zero,
indicating that the variables in the stacking model are independent, with no significant interaction
effects. This absence of interaction can also be seen in the feature dependence plots displayed in
Figure 10b, ¢, d, e, and f£.

In these feature dependence plots, which display the behavior of variables such as dem_moun,
relative humidity (RH), 10-meter wind speed (WSiw), 2-meter temperature (T2), and precipitation
(PRE), it is evident that when the ice_kriging value is very low (i.e., when the EBKI interpolated icing
value is below 2 mm), the contribution to predicting ice cover remains nearly zero, regardless of how
the individual meteorological factors change. Even when the ice_kriging value increases beyond 2
mm, indicating more significant ice accretion, the contributions to the prediction fluctuate between
overestimation and underestimation, but remain independent of changes in the individual
meteorological factors.

There are, however, specific ranges where changes in meteorological factors begin to influence
SHAP values, reflecting their role in predicting icing. For example, relative humidity (RH) starts
affecting predictions when it exceeds 60 %. Wind speed (WS10) impacts predictions when speeds are
below 5 meters per second. Temperature (T2) plays a role when it is between -10 °C and 5 °C.
Precipitation (PRE) has an effect when the value is below 5 mm.

These ranges align closely with the conditions typically associated with icing. Research by Fikke
et al. (2006) [21] suggests that rime icing tends to occur under conditions where precipitation is less
than 0.05 mm, ground temperatures are between -10 °C and 1 °C, relative humidity is above 90 %,
and wind speeds are below 6 meters per second. This consistency implies that the changes in SHAP
values are influenced by these independent meteorological factors within the range where icing is
likely to occur.
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Regarding the static features, such as micro_topo and LULC data, the impact of saddle-moisture
areas, water bodies, and artificial surfaces on SHAP values is minimal. This is likely due to the small
number of samples in these categories in the training set, with only 578 samples for saddle-moisture
areas, 289 samples for water bodies, and 867 samples for artificial surfaces. In contrast, other factors
within these datasets contribute both positively and negatively to the predictions of icing.
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Figure 10. Feature dependence plots of the interactions between ice_kriging (a) and dem_moun; Feature
dependence plots of the interactions between dem_moun (b), RH (c), WS (d), Tz (e), PRE (f), micro_topo (g),
icing grade (h), LULC (i), and ice_kriging. Ridge, valley, saddle, windward slope, leeward slope, moisture ascent
area, ridge-moisture area, valley-moisture area, and saddle-moisture area of the microtopography are replaced
by numbers 1-9, respectively; Cultivated land, forest land, grassland, shrubland, wetland, water bodies, artificial
surfaces, bare land, and glaciers and permanent snow in the LULC are represented by the numbers [10, 20, 30,
40, 50, 60, 80, 90, 100], respectively.

5. Conclusions

We have utilized a dataset comprising 1,339 cumulative ice thickness measurements from the
online ice monitoring system provided by CSPGRI, covering the period from December 2023 to
February 2024. By integrating static geographic information—such as NDVI, LULC, and surface
elevation derived from satellite-based remote sensing products—with dynamic meteorological
elements and ice_kriging values obtained from the parameter-optimized Empirical Bayesian Kriging
Interpolation (EBKI), we created a spatiotemporally matched, multi-source fusion dataset for ice
thickness grids. These static factors, derived from remote sensing sources, offer critical environmental
context that enhances the spatial representativeness and physical interpretability of the model inputs.
We applied five machine learning algorithms and six evaluation metrics to identify the optimal
stacking model. Additionally, the SHAP algorithm was used to examine the influence of various
static and dynamic factors, as well as the ice_kriging values derived from EBKI, on the accuracy of
the ice thickness grid predictions.
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The optimized EBKI model demonstrated good predictive capability, with the best-performing
parameters being a radius of 5, NBR_MAX of 5, and NBR_MIN of 1. In the validation and testing sets,
the EBKI model achieved correlation coefficients (R) of 0.574 and 0.851, RMSE values of 3.602 mm
and 3.315 mm, and CSI values of 0.477 and 0.668, respectively. These results indicate that the
parameter-optimized EBKI model can produce reasonably accurate ice thickness predictions
(referred to as ice_kriging), forming a strong foundation for the icing-grid model.

Among the machine learning models tested, the stacking model was the most effective in
correcting the ice_kriging values, as demonstrated by its performance in both the validation and
testing sets. The stacking model achieved correlation coefficients of 0.634 and 0.893, RMSE values of
3.424 mm and 2.834 mm, CSI values of 0.514 and 0.774, and fbias values of 1.034 and 1.084 for the
validation and testing sets, respectively. These results highlight the stacking model's superiority in
accurately predicting real-time icing conditions.

Through our analysis of the relationship between the number of pylons with an icing value of 0
and the evaluation metrics, it became clear that increasing the number of icing monitoring stations is
critical for improving the CSI score of the icing-grid model. A greater number of monitoring stations
would provide more data points, which would enhance the model's ability to interpolate icing values
across a wider area, particularly in regions with sparse coverage.

The SHAP model offered valuable insights into the role of various factors in the performance of
the stacking model. Meteorological variables such as relative humidity (RH), 10-meter wind speed
(WS1w), 2-meter temperature (T2), and precipitation (PRE) were shown to have significant and
independent contributions to the accuracy of the predictions, particularly in terms of correcting the
ice_kriging values. These findings underscore the importance of meteorological factors in the
development of an accurate and physically interpretable icing-grid model.

In conclusion, the stacking model, supported by the SHAP analysis, represents an optimal
approach for improving the accuracy of ice thickness grid predictions. The incorporation of remote
sensing-derived static features such as NDVI, LULC, and terrain elevation has proven to be a valuable
complement to ground-based and meteorological data, further enhancing the model's spatial
generalization. Future work will focus on extending this model to a 90 m by 90 m grid across four
southern provinces, enabling the production of real-time icing grid products that can support more
accurate and timely forecasting of icing events.
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