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Abstract

Under the global trend of solar energy development, solar power potential predic-
tion faces increasingly diverse ground weather observation conditions. Although ground-
based weather data are traditionally the most accurate source, their uneven spatial distribu-
tion raises concerns regarding the reliability of weather inputs for prediction. This study
aims to examine how the quality of weather inputs affects prediction outcomes, in order

to improve the overall reliability of solar power potential prediction.

Two sources of weather data were used: point-based observations from the Central
Weather Administration (CWA) and gridded ERAS5-reanalysis data. Eight input combina-
tions were designed to represent different strategies, including single-source inputs, dual-
source approaches (parallel input and two data merging techniques: Kriging with External
Drift [KED], and Kriging with Radar-Based Error Correction [KRE]), and inclusion of
key ground-based variables. A Long Short-Term Memory (LSTM) neural network was

employed as the prediction model, and all combinations were evaluated under the same

vi doi:10.6342/NTU202503010
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model architecture and training procedure. To simulate varying observational resource

conditions worldwide, 13 weather station density scenarios were further constructed to

assess performance under different levels of data availability.

The results show that ground-based data outperform gridded data when the distance

to the nearest station is less than 75 km. When observational resources are limited, ERAS

gridded data demonstrates better stability and applicability. Within the critical 50—75 km

range, dual-source strategies showed better performance than gridded-only inputs, with

the parallel input method yielding the best performance, followed by the KRE data merg-

ing method. In addition, three CWA-specific variables: sunshine duration, sunshine per-

centage, and maximum UV index were found to have positive effects on prediction accu-

racy.

Keywords: solar power, power potential, prediction model, data merging, ground weather

data, gridded weather data, weather station distance
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Chapter 1 Introduction

1.1 Background and Motivation

In the context of the global transition to a sustainable society, solar energy has emerged
as one of the fastest-growing forms of renewable energy. According to Chapter 3.0 “Elec-
tricity” in Renewables 2024 by the International Energy Agency (IEA) [1], the global re-
newable energy capacity is expected to increase by more than 5,520 GW between 2024
and 2030, which is 2.6 times the increase observed between 2017 and 2023. Among this
growth, solar energy alone is projected to account for over 4,200 GW, representing more

than three-quarters of the total increase in renewable capacity.

Reliable solar power potential prediction plays a crucial role in the development of
solar energy. Solar power potential prediction refers to the assessment of the future poten-
tial solar energy output at a target site, either at a pilot site prior to deploying a solar power
plant or at an existing power plant during its operation. It is, respectively, used to evaluate
the suitability of the pilot site and to forecast future power generation. Accurate prediction
of potential solar power resources allows policy makers and energy planners to identify
optimal sites for solar power plants, as well as to understand future energy supply trends,

supporting decisions on supply adequacy and comprehensive renewable energy planning.
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Over the past few decades, a wide range of methods have been developed for solar
power potential prediction. These can be broadly classified into four categories: statisti-
cal, physical, artificial intelligence (Al)-based, and hybrid methods. This classification is

summarized in a recent review by Jannah et al. (2024) [2].

To facilitate discussion, this study simplifies solar power potential prediction into

three key components:

(1) weather input, consisting of several weather variables such as temperature, solar
radiation, and cloud cover; these variables describe the meteorological conditions

at target site;

(2) potential prediction model, which, as defined in this context, corresponds to the pre-
viously introduced approaches (namely, statistical, physical, Al-based, and hybrid

models); and

(3) predicted energy output of the target site.

A review of previous studies (e.g., [3], [4], [5], [6]) indicates that past studies have
primarily focused on improving the accuracy of prediction models. However, this study
posits that one critical aspect has received comparatively little attention: the reliability of
weather input. Readers seeking a broader understanding of model-focused research in this

domain may refer to Jannah et al. (2024) [2].

Concerns about the reliability of weather input are particularly relevant in regions
where ground-based observations are limited or unavailable. Ground weather stations are
traditionally considered the most accurate and stable source of weather data. However,

due to high installation and maintenance costs, their number and spatial coverage are lim-
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ited. Moreover, as solar energy continues to expand globally, this limitation becomes
increasingly significant. Earlier studies often focused on single regions, where limited
ground observations had a relatively minor impact. In contrast, under the current global
expansion, many regions have little to no ground weather station coverage, making this

issue more critical, especially in remote or underdeveloped areas.

A common strategy to address this issue is to include gridded weather datasets as a
complementary source, such as satellite images, radar data, and numerical weather pre-
diction (NWP) outputs. They typically offer broad spatial coverage but lower accuracy
compared to point-based ground observations. Combining these two complementary data
sources can enhance both the completeness and applicability of the resulting weather in-
put. Such complementarity has been discussed in studies such as [7]. Several other studies
(e.g., [8]; [2]; [10]) have adopted both ground-based and gridded weather data to better

support solar power potential prediction.

Although an increasing number of studies have incorporated the aforementioned
complementary datasets in recent years, the author observes that research on solar power
potential has rarely examined the reliability of weather input in depth. As solar energy
expands globally, the diversity of weather data sources continues to increase, including
various ground-based and gridded datasets. This also entails the use of various source-
integration methods. Such growing complexity underscores the importance and necessity
of systematically investigating how different sources and processing strategies of original

weather data influence prediction outcomes.
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1.2 Research Aim and Objectives

This study aims to improve the reliability of solar power potential prediction by ex-
amining how weather input influences prediction outcome, with an initial focus on explor-
ing data merging techniques for combining ground-based and gridded weather data. For
clarity, weather input in this study refers to the combination of several estimated weather
variables, such as temperature and solar radiation, at the target sites. The target sites in
this study correspond to the 40 existing solar power plants (detailed in Section 2.3). These
estimated variables represent the local weather conditions used as model input for solar

potential prediction. The estimation methods are detailed in Sections 3.2 and 3.2.1.

For consistency and comparability, the same study area and overall data structure
are adopted as in the research framework proposed by Feng (2023) [11]. In that study,
two distinct solar power potential models were developed, each trained separately using

ground-based observations and gridded reanalysis data as model input.

The scope of analysis is further narrowed by focusing on two key aspects of weather

input design in this study:

1. The spatial availability of nearby ground weather stations; and

2. The estimation methods used to transform original weather data into location-specific

input.

This study employs two types of meteorological datasets as input sources for solar
power potential prediction: (1) point-based ground observations from Taiwan's Central

Weather Administration (CWA), and (2) gridded ERAS5-reanalysis datasets, which serve
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as complementary data to ground-based observations.

Building on these data sources, eight weather variables input combinations ‘are con-
structed based on three experimental dimensions (the variables used in each combination

and their estimation methods are detailed in Section 3.2.2):

1. Use of a single data source (either ground or gridded).

2. Integration of two data sources, including two data merging techniques: Kriging

with External Drift (KED) and Kriging with Radar-based Error correction (KRE).

3. Inclusion or exclusion of three key ground-only variables.

An LSTM (Long Short-Term Memory) neural network is adopted as the prediction
model, as it was identified as the most effective approach in the framework proposed by
Feng (2023) [11]. Each input combination is trained and tested using the same model
architecture, hyperparameter settings, and training procedure, ensuring a consistent basis
for comparative analysis. Detailed model configurations and implementation steps are

provided in Chapter 3.

Based on the above setup, each input combination is independently used to train a
unified LSTM architecture with fixed settings, enabling this study to assess how different

weather inputs affect solar potential prediction by comparing their prediction performance.

To further simulate the global diversity of ground weather station availability, in Sec-
tion 3.3, this study defines 13 distance thresholds for each target solar power plant. For
each threshold, all ground stations locate within the specific distance are excluded from
the input construction process. Seven of the eight weather input combinations are gener-
ated based on these filtered ground observations. In line with this framework, comparing
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models trained using the same input combination but under different filtering scenarios en-
ables a systematic assessment of how the availability of nearby stations affects prediction

performance.
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Chapter 2 Study Area and Datasets

2.1 Study Area

Taiwan is selected as the study area for this research, covering a geographic range
from 20.8°N to 26.5°N latitude and 118°E to 123°E longitude, including both the main
island and surrounding islets. Taiwan lies between the subtropical and tropical zones and
receives abundant solar energy. In addition, the high density of ground weather stations
enables the effective simulation of various ground observation scenarios worldwide, rang-

ing from dense to sparse distributions.

2.2 Weather Data Sets

2.2.1 Ground Weather Data

The ground weather dataset used in this study is provided by the Central Weather Ad-
ministration of Taiwan [ 12, 13]. This dataset includes both ground weather observations
and the coordinates of each weather station. The data spans the period from 2017 to 2021
and has a daily temporal resolution. It includes the following eight weather variables:

temperature (°C), relative humidity (%), total precipitation (mm), global solar radiation
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(MJ/m?), total cloud cover (0 - 10), sunshine duration (hour), sunshine percentage (%),
and daily maximum UV index (0-15). Figure 2.1 shows the spatial distribution of ground

weather stations that recorded global solar radiation data on January 1, 2017.

&
26" e

25" -
o
24
-
v ®
231

Ground Stations for
521 ¢ Global Solar Radiation

118 119 120 121 122
Figure 2.1: Geographic distribution of ground weather stations in Taiwan (with avail-
able global solar radiation data on January 1, 2017).
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2.2.2 Gridded Weather Data

The gridded weather dataset consists of three ERAS reanalysis products: ERAS-Land
[14], ERAS on Single Level [15], and ERAS on Pressure Level [16]. All datasets are
obtained from the Climate Data Store and cover the period from 2017 to 2021. Each

dataset 1s described in detail below.

ERAS-Land: Covers only the land areas of Taiwan's main island and provides vari-
ables including 2-meter temperature (K), total precipitation (m), surface solar radiation
downwards (J/m?), surface latent heat flux (J/m?), surface sensible heat flux (J/m?), sur-
face net thermal radiation (J/m?), evaporation (m), potential evaporation (m). The tempo-

ral resolution is hourly, with a spatial resolution of 0.1° x 0.1°.

ERAS on Single Level: Covers the entire study area. Provides 2-meter temperature
(K), total precipitation (m), and surface solar radiation downwards (J/m?) data for coastal
and islets areas. Additionally, total cloud cover (0-1) is extracted across the entire study
area to enrich variable diversity. This dataset has an hourly temporal resolution and a

spatial resolution of 0.25° x 0.25°.

ERAS5 on Pressure Level: Covers the entire study area and provides relative humidity
(%) at the 1000 hPa pressure level. The temporal resolution is hourly, and the spatial

resolution is 0.25° x 0.25°.

All ERAS variables are processed to ensure a consistent daily temporal resolution
and standardized units. Among these, 2-meter temperature (K), relative humidity (%),
and total cloud cover (0-1) are instantaneous variables, and their daily values are obtained

by calculating the 24-hour mean. The remaining variables are accumulated variables,
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and their daily values are derived by summing hourly values over a full day. However,
for ERA5-Land, accumulated variables follow a different convention: the value at 00:00
UTC on day D + 1 corresponds to the accumulation from 00:00 to 24:00 UTC on day D

(ECMWEF, 2023) [17].

To align ERAS variables with ground-based ones, in this study, surface solar radiation
downwards (J/m?) from ERAS is used as the counterpart to the ground variable global solar
radiation (MJ/m?), and 2-meter temperature (K) from ERAS is used as the counterpart
to ground variable temperature (°C). In addition, relative humidity (%) at the 1000 hPa
pressure level from ERAS is used to represent near-surface humidity, corresponding to the

ground-based relative humidity (%) records.

The final set of variables used in this study, along with their abbreviations, sources,

and unified units, is summarized in Table 2.1.

Table 2.1: Summary of Weather Variables Used in This Study

Abbreviation | Corresponding Variable Ground | ERAS | Unified Unit
T Temperature \% \% °C

RH Relative Humidity \4 \% %

P Total Precipitation v v mm

GR Global Solar Radiation v \ MJ/m?

TC Total Cloud Cover v v Index (0-10)
SD Sunshine Duration v - hour

SP Sunshine Percentage v - %

UVmax Daily Maximum UV Index \% - Index (0-15)
LF Surface Latent Heat Flux - \% MJ/m?

SF Surface Sensible Heat Flux - \ MJ/m?

NR Surface Net Thermal Radiation - \% MJ/m?

E Evaporation - \% mm

PE Potential Evaporation - \% mm
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2.3 Solar Power Generation Data

Solar power generation data are obtained from the open datasets of Taiwan Power
Company. These include daily electricity generation [!&], installed capacity [19], and
location information [20] for 40 solar power plants between 2017 and 2021. The period of
valid data varies across the power plants. The exact coordinates of each site are manually
identified using Google Maps [21]. In this study, the 40 solar power plants are used for

model training and testing. Their locations are shown in Figure 2.2.

To eliminate the influence of different installed capacities on comparison results, the

daily generation values are converted to capacity factor using the following formula:

Daily Generation (kWh)
24 (hour) x Installed Capacity (kW)

Capacity Factor (0-1) = 2.1

11 doi:10.6342/NTU202503010
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Figure 2.2: Geographic distribution of solar power plants in Taiwan. Plants used for

model training and testing are marked separately.
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Chapter 3 Methodology

3.1 Overview

This study aims to examine how weather input influences the prediction outcome.
A detailed description of the weather input is provided in Sections 1.1 and 1.2. As men-
tioned in Section 1.2, weather input refers to a combination of several estimated weather
variables. To better reflect this concept, an expanded term weather variables input com-

bination is occasionally used in this and the following chapters.

In practical applications, because ground weather stations and target sites are typ-
ically located at different places, the variables that constitute a weather input are often
not directly available from original ground observations at the target prediction location.
Instead, these variables are typically estimated using spatial interpolation and other pro-
cessing methods based on nearby observations or gridded datasets. In response to this
issue, consistent with the problem formulation described in Section 1.2, this study focuses
on two key aspects of weather input design: (1) the spatial availability of nearby ground
weather stations, and (2) the estimation methods used to transform original weather data

into location-specific input.

These two critical aspects form the foundation of the experimental design in this
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study, and the overall workflow is illustrated in Figure 3.1.

First, estimation strategies are addressed in Section 3.2. Eight distinct weather input
combinations are developed based on the two data sources: CWA (ground observation)
and ERAS (gridded data). These combinations represent various data usage approaches,
including single-source input (e.g., CWA or ERAS), dual-source parallel input, and two

data merging methods.

Second, ground station availability is addressed in Section 3.3. Thirteen distance-
based filtering scenarios are designed to reflect different spatial distributions and data
availability conditions. Among the eight input combinations, seven rely on ground-based
data and are therefore affected by the removal of nearby stations. One input combination,
using only ERAS reanalysis, is independent of ground-based data and is thus not subject

to the impacts of the station filtering.

In total, 92 synthetic datasets are generated (7 combinations % 13 filtering scenar-
ios + 1 ERAS5-only combination). All datasets are trained and evaluated using the same
Long Short-Term Memory (LSTM) model architecture and training pipeline. This design

ensures comparability across experiments.
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Figure 3.1: Overall workflow of the proposed methodological framework
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3.2 Weather Variables Input Combinations

In this study, the locations of 40 solar power plants in the dataset are used as the
target sites for weather variables estimation. At each site, eight weather variables input

combinations are constructed.

3.2.1 Weather Variable Estimation Methods

Across all weather variables input combinations, four methods are used to estimate
weather variables. When a variable is derived solely from ground-based data, Kriging
Interpolation (KG), a best linear unbiased estimator, is applied for spatial interpolation.
When a variable is derived solely from ERAS5-reanalysis data, the grid value corresponding
to the target site is directly extracted. When a variable is estimated using both data sources,
two data merging techniques extended from the KG method are employed: Kriging with
External Drift (KED) and Kriging with Radar-Based Error Correction (KRE). These four

estimation methods are described in detail in the following sections.

3.2.1.1 Kiriging Interpolation

Kriging interpolation is a linear and unbiased estimation method. It was originally

introduced by Matheron in 1963 [22] and has been widely used in geostatistics.

It estimates the value at an unknown location based on the observed values at known
locations. In this study, Kriging is applied to interpolate weather conditions at solar power

plant locations, which serve as both training and testing data points.

This method assumes that the spatial variability of a variable depends only on the dis-
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tance between locations. To model this spatial dependence, Kriging requires a variogram,

which quantifies the degree of spatial correlation among observed data points.

To construct the variogram, the empirical variogram is first calculated from the ground

observation data using the following formula:

=

(h)
1
Y(h) = s

N [2(x;) — z(z; + h)]? (3.1)

(]

1

%

where ~(h) is the semivariance at distance h, z(x;) is the observed value at location

x;, and N (h) is the number of pairs separated by distance h.

In this study, the empirical variogram is computed using the gstools package, and
an exponential model is then fitted to capture the underlying spatial pattern. Figure 3.2

shows an example of the empirical and fitted variogram.

Variogram of total precipitation on 2017/1/1
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Figure 3.2: Example of empirical variogram and fitted models for precipitation on January
1,2017.

The fitted variogram is then applied to the Kriging equations to estimate spatial

weights. Kriging solves a system of equations to determine the weights \; assigned to
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each known observation. The Kriging matrix system is:

M =~ (32)

where:

* M is the Kriging matrix constructed using the fitted variogram model,

» s the vector of Kriging weights,

* -y is the vector of semivariances between each known point and the unknown point.

Their elements are shown below:

Y1 Y2 ot e 1 A1 V1o
Vo1 Y22 ot Yon 1 A2 Y20
=1 : (3.3)
Ynl TYn2 °° VYnn 1 )\n Tno
11 1ol |u |
L g L0 [
M A Yy

Here, v;; is the semivariance between the i-th and j-th known locations, calculated
by applying their distance to the fitted variogram model. -;, in the right-hand side vector
represents the semivariance between the ¢-th known location and the unknown location

Zo-

The system is solved to obtain the weights as follows:
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A=Mlvy (3.4)
This gives the weight vector A, which represents the spatial influence of each ob-
served point on the unknown point.

Once the weights are obtained, the value at the unknown location z,, is estimated by

the weighted sum:

2(wo) = D Ni #(wi) (3.5)

Note that the 1 in weight vector A does not participate in the weighted sum.

where:

* z(z,) is the interpolated value at unknown location z,,
» )\; is the Kriging weight for the i-th observed location,
* z(z;) is the observed value at location z;.
The value of z(x,) thus represents the estimated value of a weather variable at the
target site. Considering that the ground variables used in this study have non-negative

nature, a correction method proposed by Deutsch (1996) [23] is applied to ensure that the

Kriging estimates for each ground variable remain non-negative.

Variables estimated using this method are denoted with the subscript grnd (indicating

ground-based estimates).

19 doi:10.6342/NTU202503010


http://dx.doi.org/10.6342/NTU202503010

3.2.1.2 Kriging with External Drift

Kriging with External Drift (KED) is the first data merging method used in this study;

It is an extension of the standard Kriging interpolation technique that incorporates exter-

nal drift variables (in this study, the ERAS gridded data) into the Kriging system. Other

applications and detailed discussions of KED can be found in Hudson and Wackernagel

(1994) [24].

The KED system modifies the Kriging equations (Equation 3.2) to account for the

external drift, and in this study, its matrix system is expressed as:

where:

711 12 Yin 1 f(xl) A
Y21 V22 Yon 1 f (952) A2

1 1 1 0 0 i
f(xl) f(xz) f(l’n) 0 0 v
L g 4 L
Mkep AKED

V1o

Y20

(3.6)

* f(=x;) represents the external drift information at the i-th known location; in this

study, it corresponds to the ERAS gridded value at the location of the i-th observed

point,

* f(z,) is the external drift value at the unknown location z,,

* 4, v are auxiliary multipliers. These terms do not participate in the final weighted
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sum for estimating the value at the unknown location,

* The notations +;;, Vio, and A; are consistent with those defined in the Kriging inter-

polation section (Section 3.2.1.1).

As with Kriging interpolation, the system is solved to obtain the weights as follows:

—1

Axep = MggpYkep (3.7)

This gives the weight vector Aggp, which represents the influence of each observed
point on the unknown point, while also incorporating external drift information.

Once the weights are obtained, the value at the unknown location z,, is estimated by

the same weighted sum as in Kriging interpolation:

2(x,) = Z Aiep - () (3.9)
i=1
where the notations are consistent with those in Equation 3.5, except that the weights
Aikep are derived from the KED system.

As with the Kriging method, a correction method proposed by Deutsch (1996) [23]

is applied to ensure that the interpolated values of non-negative variables remain valid.

Variables estimated using this method are denoted with the subscript ked.
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3.2.1.3 Kiriging with Radar-Based Error Correction (KRE)

Kriging with Radar-Based Error Correction (KRE) is the second data merging method
employed in this study (Sinclair and Pegram, 2005 [25]). This approach extends the Krig-
ing method by incorporating correction based on the ERAS gridded data (in this study, the

radar-based error correction is replaced by ERAS5 gridded data error correction).

First, ERAS-reanalysis gridded values at ground weather station locations are inter-
polated using Kriging. The difference between the original gridded value and the Kriging
interpolated gridded value is then calculated. A larger difference indicates poorer Krig-
ing quality at that location. Finally, the Kriging interpolated ground observation value at
the target site is adjusted by adding this difference, resulting in the KRE estimate. The

procedure for KRE interpolation involves the following steps:

1. Gridded Error Estimation
The difference between the original gridded value (2R Agiq) and the Kriging in-
terpolated gridded value (E R Akyiging) 1s computed at the unknown point (the target

site). This step captures the gridded error correction term:

AERA = ERAgiq — ERAgriging

2. Error-Corrected Observation Interpolation
The gridded error correction term (AERA) is added to the Kriging interpolated
ground observation value (Griging), Which is computed using the method described

in Section 3.2.1.1, resulting in the final corrected value (KRE) at the target location:

GKRE = GKriging + AERA
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Variables estimated using this method are denoted with the subscript kre.

3.2.1.4 Directly Using Gridded Data

The gridded data used in this study are obtained from three ERAS reanalysis datasets.
The extraction method is relatively straightforward: for each grid cell, the value at its
central coordinate is assigned as the representative value. The grid cell containing the
location of each solar power plant is identified, and the corresponding grid value is used
as the weather variable estimate for that location. If no ERAS5 grid value is available at

the location, the nearest grid point is used instead.

Variables estimated using this method are denoted with the subscript era5 (for ERAS-

reanalysis data).

3.2.2 Variables Using and Strategy for Each Combinations

The design strategies for the eight weather input combinations can be categorized
into three types. The specific weather variables used and their corresponding estimation
methods are summarized in Tables 5-7. Abbreviations of the weather variables are defined
in Table 2.1, and the estimation method for each variable is indicated by the subscript

attached to the variable abbreviation.

Single-source input combinations: Combinations S1 and S2 utilize weather data
solely from one source. S1 is from the CWA ground-based observation dataset, and S2
is from the ERAS5-reanalysis dataset. All available variables from the respective datasets
are included. The detailed weather variables and their estimation methods are listed in

Table 3.1.
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Table 3.1: Input combinations of single weather data source

No. Weather Variables and Estimation Methods
S1 Tgrnd: Rngnd: Pgrnda GRgrnda TCgrnd> SDgrnda SPgrnda Uvmanmd
S2 TeraS; RHeraS, PeraSa GReraSa TCeraS, LFeraS, SFeraS: NReraSa EeraS: EeraS

Dual-source input combinations: Combinations S3, S4, and S5 are designed to
investigate how to simultaneously utilize ground and gridded weather data. These combi-
nations include the five weather variables that are shared between the CWA ground dataset

and the ERAS5-reanalysis dataset.

The initial focus of this study is to explore the potential of data merging in solar
power potential prediction. This study first examines how dual weather data sources have
traditionally been used in the field. Previous studies, such as [¢] and [9], typically treat
ground-based and gridded weather data as separate input variables for the models. This
study refers to this approach as parallel input. To evaluate whether merging these two data
sources can lead to different outcomes, three dual-source input combinations (S3, S4, and

S5) are designed, representing pre- and post-merging weather input combinations.

S3 represents parallel input, a strategy commonly used in previous studies, where the
five variables derived solely from CWA ground observations and the five from ERAS-

reanalysis are combined to form a ten-variable input combination.

S4 and S5 represent data merging methods using KED (Kriging with External Drift)
and KRE (Kriging with Radar-Based Error Correction), respectively, to merge the five
matched variable pairs from S3. The details of these combinations are presented in Ta-

ble 3.2.

Dual-source input + 3 key ground-only variables: This strategy extends the dual-

source design by including three key weather variables that are exclusively available from
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Table 3.2: Dual-source input combinations using shared variables from both datasets

No. Weather Variables and Estimation Methods
S3  Tgmd, RHgmd, Pernd, GRgmd> TCogrnd,
TeraSa RHeraSa PeraS, GReraS: TCeraS
S4  Tied, RHyeq, Preds GRyed, TCeq
S5 Tire, RHirer Pires GRiges TChe

the CWA dataset: sunshine duration, sunshine rate, and maximum UV index. These vari-
ables were identified in Feng's study (2023) [11] as highly correlated with solar power
generation. Since these variables are unavailable in the ERAS dataset, they are excluded
from the previous dual-source combinations (S3-S5). To assess whether omitting these
variables would significantly affect prediction performance, combinations S6, S7, and S8
are developed by adding the three ground-only variables to S3, S4, and S5 using a paral-
lel input strategy. The detailed weather variables and estimation methods are provided in

Table 3.3.

Table 3.3: Dual-source input combinations with additional ground-only variables

No. Weather Variables and Estimation Methods
S6  Tgmd, RHgmd, Pernd, GRgmd> TCogrnd,

TeraSa RHeraSa PeraSa GReraSe TCeraSa Sngda SP grnd> UVmanmd
S7  Tieds RHyeds Preds GRyeds TCred> SDgrnds SPgmd, UVmaxgmg
S8 Tkrea RHkre, Pkre; Gere, TCkre, Sngd, SPgmd, UVmanmd

3.3 Ground Weather Station Filtering Scenarios

Benefiting from the high density of ground weather stations in Taiwan, this study
proposes a customized method to construct 13 ground weather station filtering scenarios.
The goal is to directly assess the impact of the distance between ground stations and the
target estimation site. To simulate varying levels of ground observation availability, we
progressively remove nearby ground stations in a stepwise manner. This procedure is

performed individually for each solar power plant and iteratively applied to the original
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ground observation dataset.

Global solar radiation is selected as the reference variable for defining the distance
thresholds, as it is a key variable for solar power generation and is available in both ground-
based and gridded datasets. For each solar power plant, 13 filtering scenarios are created.
The Oth scenario includes all available ground observations without any removal. For the
1st to 12th scenarios, the distance thresholds are defined based on the distance to the 1st,
2nd, ..., 12th nearest ground radiation stations, respectively. It is important to note that the

actual distance threshold for the same scenario level may vary between power plants.

Using the corresponding threshold for each scenario, all observation data from the
ground station within that distance are removed from the dataset. The original data and the
filtered datasets for each threshold thus constitute the Oth to 12th ground weather station

filtering scenario datasets for each power plant.

3.4 Unified Potential Prediction Model Training Process

To ensure fairness and comparability across eight input combinations, a unified pre-
diction model and training configuration is adopted. The model used is a Long Short-Term
Memory (LSTM) neural network, with its architecture and hyper-parameters based on the

optimized design proposed by Feng (2023) [11], as illustrated in Figure 3.3.

Input Layer 1 Layer 2 Layer 3 Layer 4 Output

Weather Input 8 Unlts 64 Unlts 64 Units 1 Units Daily Solar Power
S1- S8 with of Dense of Dense Cayacit Easiar
Daily Resolution LSTM LSTM neurons neurons pacity

Figure 3.3: Architecture of the LSTM model used in this study.

Each input combination is split into a training set and a testing set in a fixed ratio (ap-
proximately 4:1), with the training set further divided into training and validation subsets.
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To ensure consistent data ordering across all combinations, a fixed random seed is applied
during all shuffling steps before training. Additionally, to ensure consistent input length,
days with zero generation, missing values (NaN), or anomalous weather variable values
are removed. These steps are employed to help reduce the influence of non-weather fac-
tors. The actual solar power capacity factor is used as the shared prediction target for all

input combinations.

Except for input combination S2, which relies only on ERAS gridded data, all other
seven input combinations depend on ground-based observations for variables estimation.
Therefore, each of these combinations is iteratively trained and tested under 13 different
ground station filtering scenarios. This design enables a detailed comparison of how input

combinations perform under varying levels of ground observation availability.

Following the training process, model performance is evaluated during the testing

phase to assess the impact of different weather input combinations.

3.5 Evaluation of Prediction Performance under Differ-

ent Weather Input Combination

To evaluate the performance of each weather input combination, this study directly
compares the model predictions with the actual capacity factors recorded at solar power
plants. The goal is to quantify the prediction accuracy of each input combination and

identify the relative strengths and weaknesses among the eight input combinations.

This evaluation is performed across all 13 ground weather station filtering scenarios

as well, ensuring that the influence of observation availability is considered. The following
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subsection introduces the error metrics used in this comparison.

3.5.1 Evaluation Metric

A commonly used statistical metric is employed in this study to assess the deviation
between model predictions and the true values of the solar power capacity factor. This

metric is Mean Squared Error (MSE), defined as follows:

n

1 .
MSE =—5 (i — )’ (3.9)
=1

where 7; denotes the predicted capacity factor at time step ¢ for a specific solar power
plant, and y; denotes the corresponding true value. The total number of time steps is

denoted by n.

These metrics are calculated individually for each of the 20 testing plants by com-
paring the predicted and true values over the entire testing time period. Each metric value

represents the plant-level prediction error across all time steps.
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Chapter 4 Results and Discussion

4.1 Overview

This study evaluate solar power potential prediction at the individual solar power
plant level. Specifically, the error metrics are calculated separately for each of the 20 test-
ing plants by comparing the predicted and true historical values (of solar power capacity

factor) over the entire testing time period.

To investigate the influence of ground station availability on the prediction perfor-
mance, at chapter 3, 13 ground weather station filtering scenarios are designed. These
scenarios are defined based on the distance to the k-th nearest ground station that provides
global solar radiation data. For each solar power plant, the distance thresholds in each

scenario vary depending on its spatial relationship to the surrounding ground stations.

In each scenario, model errors (e.g., MSE) are computed individually for all 20 testing
power plants. The corresponding distance to the nearest available ground station is also
recorded. These paired values (distance, error) from all 13 ground weather station filtering

scenarios are combined and grouped according to distance intervals.

Therefore, for each input combination except S2 (which includes only gridded data),

a total of 260 paired samples (20 plants x 13 filtering scenarios) of capacity factor error
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and corresponding nearest ground station distance are obtained. These paired data are
aggregated into distance bins of 25 km and visualized using box plots to display the error

distributions.

The results are presented following this structure: (1) Comparison between single-
source weather inputs (S1 and S2), (2) Comparison of inputs using different combinations
of ground observations and ERAS reanalysis data (S3-S5), (3) Investigation of the effects
of including or excluding three key ground variables: sunshine rate, sunshine duration,
and maximum UV index, by comparing pairs such as S3 and S6, S4 and S7, and S5 and

S8.

Note that the purely gridded data case, S2, is unaffected by the availability of ground
observations. As aresult, the prediction errors from the S2 case are identical across all ob-
servational filtering scenarios. Therefore, the first quartile (Q1), median, and third quartile
(Q3) of the 20 testing plants' errors are calculated and presented as three constant reference

lines in each comparison.

4.2 Comparison of Single-Source Weather Inputs: S1 vs.

S2

This study first compares the prediction results of two single-source input combina-
tions, S1 and S2, to examine the basic performance of ground-based and gridded weather
data in solar power potential prediction. The results of S1 (ground-based observations)
and S2 (ERAS reanalysis gridded data) serve as baseline cases and provide a reference for

evaluating dual-source input strategies discussed in subsequent sections.
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The comparison is presented in Figure 4.1. The results show that S1 outperforms S2
under short distance scenarios (0—75 km). However, as the distance to the nearest ground
station exceeds approximately 50—75 km, the performance of the two begins to reverse. At
even lower observation densities, the error of S1 increases at a slower rate and eventually

stabilizes.

These findings confirm that ground-based weather data offer higher accuracy in dense
observational settings, aligning with the conventional view that such data are generally
more reliable. However, the performance of ground data drops significantly long distance
scenarios, presumably due to the limited spatial coverage of ground observations. In such
cases, ERAS can serve as a useful alternative to mitigate this limitation. This trend align

with the expected characteristics of ground-based versus gridded weather datasets.
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Figure 4.1: Comparison of MSE distributions for S1 (ground-based) and S2 (ERAS) across
varying distances to the nearest ground weather station.
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4.3 Comparison of Dual-Source Weather Input Strate-

gies (S3 vs. S4 vs. S5)

This section compares three dual-source input strategies: parallel input (S3), KED-
based data merging (S4), and KRE-based data merging (S5). Figure 4.2 illustrates the

MSE distributions of these strategies under varying nearest station distance scenarios.

Under short distance conditions, KED (S4) performs slightly better than the other
two dual-source approaches. However, its advantage over using only ground-based data
(ST) is marginal, suggesting limited benefit from merging ERAS5 and ground data when

observations are abundant.

As the nearest observation distance increases, the advantage of dual-source strategies
becomes more evident. In the distance group of 100—125 km to the nearest ground sta-
tion, all three dual-source strategies (S3, S4, and S5) start to outperform the ground-only
baseline (S1), with parallel input (S3) showing the smallest errors, followed by KED (S4)

and KRE (S5).

In the longest-distance groups (=150 km), prediction performance becomes less con-
sistent across strategies. KED performs on par with, or slightly worse than, the ground-
only approach. The parallel input strategy exhibits inconsistent behavior. It ranks among
the best in some distance intervals but among the worst in other. Notably, KRE (S5) re-
mains the most robust, consistently achieving the lowest prediction errors in the longest-

distance groups.

Overall, in the long distance range (=75 km), parallel input (S3) reduces prediction er-

ror compared to the ground-only case in most intervals, except for the 150—175 km group.
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Figure 4.2: Comparison of MSE distributions for S3 (Parallel Input), S4 (KED Data Merg-
ing), and S5 (KRE Data Merging) across varying distances to the nearest ground weather
station.

KRE (S5) consistently outperforms the other strategies, except for a slight underperfor-
mance in the 100—125 km interval. These results underscore the particular effectiveness
of the KRE approach in maintaining predictive accuracy when observational coverage is
sparse. Parallel input (S3) also shows relatively stable performance across most distance
intervals, indicating its potential as a simple yet robust dual-source strategy under long-

distance conditions.

However, it is worth noting that none of the three dual-source strategies outperform
the ERAS-only baseline (S2). Despite their advantages over ground-only data (S1) under
sparse observation conditions, these approaches still fall short of the overall performance

provided by the gridded ERAS data across long-distance scenarios.
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4.4 Impact of Key Ground-Only Variables (S3.vs. S6, S4
vs. 87, S5 vs. S8)

Following the correlation analysis proposed by Feng (2023, p.23)[ 1 1], five variables
were found to be highly correlated with the solar power capacity factor (Spearman's ab-
solute value > 0.6), listed in descending order of correlation strength: GR (global solar
radiation), SP (sunshine percentage), SD (sunshine duration), TC (total cloud cover), and
UVmax (daily maximum UV index). Among them, SP, SD, and UVmax are only avail-
able from ground-based observations (see Table 2.1 for data source summary) and are
therefore excluded from the dual-source input combinations S3, S4, and S5 (see Table 3.2

for these input design).

This section investigates whether incorporating the three ground-only but highly cor-
related variables (SP, SD, and UVmax) into each dual-source input strategy can further

enhance the accuracy of solar power potential prediction.

Figure 4.3 compares S3 vs. S6 (Figure 4.3a), S4 vs. S7 (Figure 4.3b), and S5 vs.S8
(Figure 4.3c¢), illustrating the impact of adding these three variables into strategies S3—S5

(detailed input design can be found in Table 3.3).

In most cases, the inclusion of these variables leads to improved prediction accu-
racy. One exception occurs in the parallel input strategy (S3 vs. S6; Figure 4.3a), where
the addition of these variables unexpectedly increases prediction error. A review of the
training logs for this case do not reveal clear anomalies compared to other input combina-
tions, implying that the added ground variables may have inadvertently introduced noise

or redundancy under this configuration.
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Another important observation is that for the KRE strategy (S5 vs. S8; Figure 4.3¢),
the inclusion of these variables almost improves model performance across all short- and
long-distance scenarios. Notably, in the 175-200 km distance range, the prediction ac-
curacy (of S8) approaches the median performance of the ERA5-only case (S2), showing

the value of these ground-only variables in enhancing solar power potential prediction.

4.5 Final Comparison: S1 Ground-Only vs. S6—S8 Dual-

Source Inputs with Key Ground-Only Variables

In Section 4.3, we initially compares three dual-source input strategies, and in Sec-
tion 4.4, we demonstrates that incorporating three key ground-only variables: sunshine
percentage (SP), sunshine duration (SD), and daily maximum UV index (UVmax) can
provide positive benefits for solar power potential prediction. This section presents a fi-
nal comparison between the two single-source baseline combinations (S1 and S2) and the
dual-source combinations (S6, S7, and S8) that include both data types along with the

three key ground variables.

The comparison results are shown in Figure 4.4 and the results show:

* Short-distance scenarios (0—75 km to the nearest ground station): The three strate-
gies: parallel input, KED, and KRE perform similarly. However, none of them

demonstrate a clear improvement over the ground-only approach (S1).

* Medium-distance scenarios (75—125 km): The parallel input strategy achieves the

best performance overall, followed by KED.

* Longest-distance scenarios (150-225 km): KRE shows a clear advantage in pre-
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Figure 4.3: Comparison of MSE distributions for key ground-only variable impact sce-
narios across varying distances to the nearest ground weather station.
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dictive accuracy.
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Figure 4.4: Comparison of MSE distributions for S1 (Ground Observations), S6 (Parallel
Input + 3 Key Ground-Only Variables), S7 (KED Data Merging + 3 Key Ground-Only
Variables), and S8 (KRE Data Merging + 3 Key Ground-Only Variables) across varying
distances to the nearest ground weather station.

4.6 Consideration of Model Uncertainty and Data Bias

(Extended in Appendix)

The performance comparison in this study is based on a Long Short-Term Memory
(LSTM) model. While this provides a flexible and powerful framework for solar potential
prediction, it is important to acknowledge the inherent limitations of Al-based, data-driven
models. These include potential biases introduced by limited or imbalanced training data,
as well as model uncertainty stemming from the stochastic nature of neural network train-

ing.

In particular, data-driven models are highly sensitive to the quality and quantity of the

input data. This study uses a total of just over 30,000 data points of solar power generation
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paired with corresponding weather input for model training. Although this represents a
valuable dataset, it remains relatively limited in size, especially considering the variability

and complexity of both solar output and weather conditions.

To illustrate the possible effects of these limitations, the study employs an exploratory
approach to provide preliminary insights. For clarity and focus, the discussion is presented

separately in Appendix A.
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Chapter S Conclusion

This study aims to evaluate the performance of different weather inputs for solar po-
tential prediction and to examine their applicability under varying ground station filtering

scenarios. The key conclusions of this study are summarized as follows.

+ Single data source: Performance reversal occurs beyond 75 km. When using
only one type of data (either ground-based or gridded), ground-based observations
yield higher prediction accuracy when the nearest ground weather station is within
75 km. However, as this distance increases, their performance deteriorates rapidly.
This trend aligns with the general understanding that ground-based data are more
accurate but spatially limited, while gridded data are less precise but offer broader

and more uniform spatial coverage.

The performance reversal observed around the 50—75 km highlights the effective
spatial range within which ground-based observations remain reliable for solar power po-

tential prediction.

* Key ground-only variables: Positive influence on prediction performance. In
this study, the three highly correlated ground-only variables (sunshine percentage,

sunshine duration, and maximum UV index) is found to improve prediction accu-
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racy in most cases, as shown in Figure 4.3.

Building upon the above findings, discussion on dual data sources is narrowed to
focus on the critical distance range of 50—75 km. Although two groups of dual-source
input combinations are examined in this study (S3—S5 and S6-S8), the subsequent analysis
focuses on S6-S8, which include the three key ground-only variables. As these variables
are identified as effective predictors in the preceding section, their inclusion offers a more
representative basis for evaluating the performance of dual-source strategies, as shown in

Figure 4.4.

* Dual data sources: Integrating ground and gridded data improves over gridded-
only input, with performance comparable to ground-only. Within the critical
distance range of 50—75 km, integrating ground-based observations (CWA dataset)
with gridded data (ERAS5-reanalysis) enhances prediction accuracy compared to us-
ing gridded data alone (S2). All three dual-source strategies: parallel input (S6),
KED (S7), and KRE (S8), achieve lower median MSE than S2, with respective re-
ductions of approximately 0.0004, 0.0003, and 0.00035 in the MSE of solar capacity

factor predictions. Parallel input exhibits the best performance, followed by KRE.

In summary, this study identifies that the effective range of ground-based observa-
tions for solar power potential prediction is approximately 75 km. Beyond this range,
ERAS gridded data show better stability and applicability, making them an advantageous
strategy when ground observations are limited. Within this critical range (50—75 km),
dual-source strategies outperforms gridded-only input; however, their performances do

not show a clear advantage over ground-only input. Nevertheless, the results collectively
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confirm the positive impact of incorporating ground-based observations within their ef-
fective spatial range. In addition, three key ground-only variables: sunshine percentage,
sunshine duration, and maximum UV index are found to have the potential to enhance

prediction accuracy.

From a practical standpoint, this study addresses the concern about weather input
raised in Section 1.1, namely the limited number and spatial coverage of ground-based
weather stations in many regions. While some recent studies rely solely on gridded datasets
or even attempt to incorporate multiple gridded sources, the findings here highlight the
continued value of incorporating ground-based observations. The results demonstrate that
ground-based data within a 50—75 km range can substantially enhance prediction accuracy,
even without dense station coverage. Therefore, rather than relying solely on gridded
datasets, practitioners are encouraged to incorporate available ground-based observations

whenever possible.

While this study explores the use of both ground-based and gridded weather data,
the results do not show a clear improvement over using single-source alone. Within the
75 km effective range, parallel input (S6) and data merging methods such as KED (S7) and
KRE (S8) show no clear advantage over the ground-only input (S1). Beyond this range,
the gridded-only input (S2) outperforms the dual-source methods (S6-S8). In contrast,
previous studies have reported performance gains from the ground-based and gridded data
integration. For example, Journée et al. (2012) [26] showed that KED reduced the daily
global horizontal irradiation (GHI) estimation error (MAE) by more than 20% compared
to ground-based interpolation (KG). Similarly, Qin et al. (2022) [8] demonstrated that a
deep learning model trained on both satellite images and ground observations achieved

10-20% lower MAE in one- to six-hour ahead GHI forecasts compared to a model trained
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solely on ground data.

These contrasting findings suggest that the effective integration of ground and grid-
ded data, and the true potential of data merging, still remain open questions, requiring

further exploration.
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Appendix A — Data Bias and Model

Uncertainty

A.1 Overview

This study explores a simple approach to approximate the potential influence of data-
related bias and model uncertainty. Specifically, the same input combinations are evalu-
ated under different training set shuffle seeds—that is, different random shuftling orders
used before training, which may lead to variations in the resulting data distributions. This
setup allows readers to observe how changes in data exposure to the model may affect

prediction outcomes.

The following sections present results grouped by input combinations: S1, S3, S4,
and S5 first (see Figure A.1), followed by S1, S6, S7, and S8 (see Figure A.2). Here,
S1 stands for ground-only input; S3, S4, and S5 denote dual-source strategies without
additional ground variables; and S6, S7, and S8 represent the corresponding dual-source
strategies including the three key ground-only variables. For a refresh on details of input

design, please refer to Section 3.2.2.
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Note: The main results presented in this study are based on the first selected shuffle seed:
84408. Three additional shuffle seeds were arbitrarily selected and used in the figures

shown in this appendix.
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A.2 Results from Other Shuffle Seeds for Inputs S1, S3,
S4, and S5
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A.3 Results from Other Shuffle Seeds for Inputs S1, S6,

S7, and S8
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