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Diffuse and direct radiation distribution are crucial for the design and
construction of photovoltaic power systems. However, due to the high cost
and relatively complex maintenance, there are relatively few observation stations
for diffuse and direct radiation in China, while there are numerous stations for
total radiation, making it easier to obtain total radiation data. In this study, based
on the Boland Ridley Laurent (BRL) model, the atmospheric radiation transfer
theory and Taylor series expansion were utilized to establish a BRL model relating
the diffuse fraction to the clear-sky index and atmospheric optical thickness.
Training datasets comprising radiation data at three different time scales, namely
minute, 10-min, and hourly, were used to obtain the mathematical model
parameters for the diffuse fraction with respect to the clear-sky index and
atmospheric optical thickness through nonlinear fitting, resulting in binary BRL
model. Validation datasets were created using solar radiation data from
observation stations in regions with distinct climatic characteristics. The BRL
model was employed to calculate the diffuse fraction, statistical analyses were
conducted on the correlation coefficient, mean bias deviation (MBD), root mean
squared deviation (RMSD), and t-statistic between measured and computed
diffuse fraction values. The results show that the diffuse fraction values
computed by the BRL model exhibited correlation coefficients above 0.8,
MBD within +0.2, RMSD within 0.25, and minimum t-statistic as low as
0.1074. This study provides a new direction for constructing diffuse radiation
model, and further research should incorporate more extensive radiation data to
investigate the model's applicability across different regions.

KEYWORDS
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1 Introduction

High-quality direct and diffuse radiation data are essential for the development and
utilization of solar energy resources in a region and serve as important parameters to
characterize its climatic features (WMO, 2014). However, in reality, direct radiation
measurements require sun-tracking devices, and diffuse radiation measurements
necessitate shading devices, making the cost expensive and maintenance challenging. As
a result, many observation sites only conduct total solar radiation observations, making it
difficult to obtain long-term series of direct and diffuse radiation data. The diffuse fraction
represents the proportion of diffuse radiation relative to the total solar radiation in the sky
and is closely related to both direct and diffuse radiation. The Angstrom-Prescott formula
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indicates a linear relationship between the clear-sky index and

corresponding relative sunshine hours, with a negative
correlation between cloud cover and sunshine duration
(Angstrom, 1924; Prescott, 1940). Studying the diffuse radiation
model based on known or easily accessible parameters such as the
clear-sky index allows for the analysis of the diffuse fraction pattern.
This research holds significant importance for the planning, design,
and operation of solar power plants, as well as for studying climate
change. Additionally, it plays a crucial role in enhancing the yields of
agricultural and forestry crops like rice, wheat, and apples,
improving building energy efficiency, and promoting the
development of regional tourism and leisure industries, thereby
presenting essential economic and social value.

Currently, research on the regularity of diffuse fraction mainly
focuses on constructing diffuse fraction models using piecewise
linear and polynomial fitting methods. Shang et al. investigated
the direct and diffuse fraction models of horizontal solar radiation in
low-latitude areas and established a piecewise linear regression
model between atmospheric diffuse transmittance ratio and clear-
sky index (Shang et al, 2017). Feng et al. compared five
representative direct and diffuse fraction models in Beijing and
identified the main influencing factors and the most suitable model
for Beijing (Feng et al., 2015). Ma et al. improved the Erbs direct and
diffuse solar radiation models by introducing the sunshine
percentage and establishing a polynomial model, which enhanced
the model accuracy to some extent (Ma et al., 2016). Fu et al. found
that the solar radiation duration was highly correlated with the
diffuse radiation ratio in regions with severe atmospheric pollution,
with correlation coefficients exceeding —0.8, an increase in the
concentration of aerosol particles in the air has a significant
impact on sunshine duration and SDRF over China.
(SDRF—defined as the diffuse solar radiation divided by the total
solar radiation in conditions of sunny weather) (Fu and Dan, 2018).
Zhang and Zhao conducted a study on the transmission and
in the

atmosphere, analyzing the influence of different atmospheric

extinction characteristics of mid-infrared radiation

profiles, molecular attenuation, and aerosols on radiation
transmission (Zhang et al., 2017; Zhao et al., 2018). Yvonne et al.
investigated the use of total radiation to invert sunshine duration
through a piecewise linear model, which could be used when there
was no sunshine observation data available (Yvonne and Wouter,
2007; Chong et al, 2017). Ahwide et al. studied the linear
relationship between the daily average diffuse fraction and the
clear-sky index, predicting the daily direct radiation and sunshine
duration in Sabha, Ghadamis, and Tripoli in Libya (Ahwide et al.,
2013). Basharat and Abid proposed a generic model for estimating
diffuse fraction in India using clear-sky index and sunshine
duration, based on linear and polynomial fitting methods
(Basharat and Abid, 2017). Li

relationship between the inclined total solar radiation and

et al. established a linear
sunshine duration in Hong Kong (Li et al., 2008). Manuel et al.
proposed a piecewise linear effect of atmospheric diffuse,
absorption, and optical quality on the relationship between total
solar radiation and diffuse radiation (Manuel et al., 1991). Muneer
and Munawwar developed a second-order polynomial empirical
formula for the components of daily diffuse radiation using
statistical methods and data from India, Japan, Spain, and the
UK, including sunshine duration, cloud distribution coefficient,
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and clear-sky index (Muneer and Munawwar, 2007). Fu et al.
analyzed the trends in sunshine duration and diffuse fraction
under clear sky conditions in seven city clusters in China
between 1960 and 2005 and pointed out that anthropogenic
activities and air pollution, such as aerosol optical thickness and
tropospheric NO2 concentration, had a highly negative correlation
with sunshine duration and diffuse fraction (Fu et al, 2015).
Khorasanizadeh et al. estimated the diffuse radiation in Kerman,
Iran, using polynomial and exponential fitting functions, finding
that a first-order linear formula performed best for daily diffuse
fraction and monthly average diffuse coefficient simulations
(Khorasanizadeh et al, 2016). Fan et al. estimated horizontal
diffuse
polynomial and exponential fitting functions and concluded that
different function models were suitable for different climatic regions
(Fan et al, 2019). Alexandre et al. proposed a fourth-order
polynomial model for calculating hourly, daily, and monthly

radiation in China’s five climatic regions using

average diffuse radiation using the clear-sky index (Alexandre
et al., 2014). Finally, Kambezidis et al. (2021) have determined
the upper and lower limits of the diffuse fraction for classitying skies
into overcast, intermediate and clear with a wordwide validation.

The Boland Ridley Laurent (BRL) model, proposed by Boland
and Ridley, is a commonly used S-shaped function, namely the
Sigmoid function, with values ranging between 0 and 1. Its basic
form is f(x) = 1/(1 + e*(-x)). As the independent variable approaches
positive or negative infinity, the function output tends to a smooth
state of 0 and 1 respectively, which is similar to the distribution of
diffuse fractions, making it suitable for constructing diffuse fraction
models. In 2008, Boland and Ridley utilized hourly and 15-min data
from the Geelong region in Australia to propose the BRL model for
diffuse radiation values (Boland et al., 2008). In 2019, they further
employed this model to estimate diffuse fractions in Chile, Costa
Rica, and Australia, evaluating its correlation with climate factors
such as temperature, precipitation, and latitude (Rojas et al., 2019).
Based on previous research (Ridley et al., 2010), compared to the
traditional piecewise linear fitting and fourth-order polynomial
fitting, the BRL model performs better in calculating low diffuse
fractions under high clear-sky index conditions, as the former two
methods exhibit underfitting issues when the diffuse fractions
approach zero. Considering that the residuals between the
calculated and the observed values from different models do not
follow a normal distribution, the evaluation metrics selected are the
median absolute percentage error for measuring the error
magnitude and the median deviation for comparing the
performance of different models. Research in the southern
hemisphere shows that, in terms of median absolute percentage
error, the BRL model is 3.07% better than the piecewise linear fitting
and 15.48% better than the fourth-order polynomial fitting.
Regarding the median deviation, the BRL model is 0.01 smaller
than the piecewise linear fitting and 0.08 smaller than the fourth-
order polynomial fitting. It is evident that the BRL diffuse fraction
model has advantages in fitting performance, providing a new
research direction for the study of diffuse solar radiation.

In this paper, based on the BRL model and atmospheric
radiation transmission theory, the Taylor series expansion is
utilized to represent the diffuse fraction relative to the clear-sky
index and atmospheric optical quality. Independent model training
datasets and validation datasets are established at different time
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scales, including minute, 10-min, and hourly data. Nonlinear fitting
is performed on the training datasets to construct the binary BRL
model for diffuse fractions relative to the clear-sky index and
atmospheric optical quality. The validation datasets are used to
calculate and analyze the correlation coefficient, average deviation,
root mean square error, and t-statistic between the observed and
calculated values of the diffuse fractions, thereby evaluating the
effectiveness and applicability of the binary BRL model.

2 Data information
2.1 Data source

The data used in this study mainly consists of measurements of
total solar radiation and diffuse radiation, obtained using an FS-S6
type pyranometer. The diffuse radiation is measured under shading
conditions with a shading ball on a dual-axis sun tracker. The FS-S6
type pyranometer is a domestically produced first-class instrument
with a yearly stability of 1.5% and an hourly cumulative
measurement uncertainty of 8% (k = 2). The data is divided into
two parts: the training dataset and the validation dataset, both of
which are independent of each other.

The training dataset is derived from the solar energy
resource experimental observation station in Lijiang City,
Yunnan Province, China (referred to as the Lijiang station,
26.51°N, 100.12°E, 2,380.9 m). This station has abundant
solar radiation, dry air, low aerosol optical thickness, and
minimal obstructions. It is equipped with a complete set of
meteorological radiation observation instruments and has
served as the national radiation instrument comparison site,
hosting multiple national direct radiation instrument
comparison activities. The observed data from this station are
reliable and widely used for instrument performance evaluation
and academic research. The training dataset includes three
different time scales: hourly radiation observations from
April to August 2022, 10-min radiation data April 2022, and
minute radiation data from the same month.

For the validation dataset, considerations were made for the
spatial distribution of radiation data and the seasonal influence on
the model. Therefore, radiation data from five stations were selected
for analysis: Lijiang station in the southwest of China, Kazuo station
(119.77°E, 41.12°N, 341.2 m) in the northeast, Guangzhou station
(113.20°E, 23.10°N, 410.5 m) in the south, Wuhan station (114.08°E,
30.37°N, 231.2 m) in central China, and Urumqi station (87.39°E,
43.47°N, 935.3 m) in the northwest. For the Lijiang station, an
alternative set of equipment was used to measure 10-min and hourly
radiation data in May 2022. For the Kazuo, Guangzhou, Wuhan, and
Urumgi stations, hourly radiation data July and 10-min radiation
data December 2022 were chosen. Among them, Kazuo Station is
located at the mountaintop with abundant sunshine and no
obstructions, making it suitable for solar radiation observation
with accurate and reliable data. Guangzhou, Wuhan and Urumqi
Stations are all national-level meteorological radiation observation
stations, their radiation observations began as early as 1959,
providing accurate and reliable data.
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2.2 Data quality control

To ensure the validity of the data used for model construction
and validation, data quality control was performed on the data
information before use. The specific steps are as follows (Xing et al.,
2022; Kambezidis et al., 1997; Younes et al., 2005):

(1) Data collected before and after the occurrence of failures in
data collectors, power supply, or sun trackers were excluded.

(2) Radiation data for solar altitude angles less than 7°
were excluded.

(3) After performing steps (1) and (2) to exclude data, the
remaining radiation data were used to calculate the
clearness index (K;) and diffuse fraction (K ) according to
Equations 1, 2. Data that did not meet the criteria for
0<K;<1 and 0< K <1 were removed.

1
K =—7 ey
Iysina
I
Ky=-2 )
9

The ground-level horizontal total solar radiation is represented
by I PH the extraterrestrial solar direct radiation, also known as the
solar constant, is represented by I, which is set to 1361 W/m®
(Schmutz et al., 2013; Gueymard, 2018); « represents the solar
altitude angle; and I; represents the ground-level horizontal
diffuse radiation.

(4) Radiation data corresponding to diffuse radiation greater than
1.1 times the total solar radiation were excluded.

(5) Radiation data corresponding to total solar radiation greater
than 1.2 times the solar constant and diffuse radiation greater
than 0.8 times the solar constant were excluded.

(6) The data information was sorted in ascending order based on
K;. Then, it was divided into ten equally spaced data
segments. The arithmetic mean and standard deviation of
the K values in each segment were calculated. Subsequently,
the absolute difference between each K value and the mean
value of its segment was computed, and radiation data with
absolute differences greater than 2 times the standard
deviation of their respective segments were removed
(Kambezidis and Papanikolaou, 1990).

3 Model construction

This paper is based on the BRL model, and the ratio of the
ground-level direct horizontal radiation component to the total
horizontal solar radiation at the ground surface is defined as the
direct fraction, as shown in Equation 5, according to the principle
that the total horizontal solar radiation at the ground surface is equal
to the sum of the normal direct radiation component and the
scattered radiation, as given in Equations 3, 4.

Ig =I1;+1, (3)
I,=1,sina (4)
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Ky=1" ©
g

In the equation, Ij, represents the ground-level direct horizontal
radiation component, I, represents the normal direct radiation
reaching the ground, and K, represents the direct fraction.
Therefore, the relationship that the sum of the diffuse fraction
and the direct fraction equals 1 can be easily derived, as shown

in Equation 6.

Kys+Ky,=1 (6)

According to the theory of atmospheric radiation transfer, solar
radiation reaching the ground undergoes a complex process of
attenuation as it passes through the atmosphere, particularly due
to Rayleigh scattering and absorption by various components such
as gases, water vapor, and aerosols present in the atmosphere.
Assuming that the extinction processes, including diffuse and
absorption, are mutually independent, the Lambert-Beer law is
extended to a broad spectral range, and the normal direct
radiation reaching the ground is given as (Ruiz—Arias et al., 2010).

L= Toe™ @)

In the equation, m; represents the optical mass corresponding to
the i -th extinction process, and J; represents the optical thickness
corresponding to the i -th extinction process. By substituting

Equations 1, 4, 7 into Equation 5, the direct fraction, denoted as

K, can be transformed into:

1 1 Cmd)
K :_|| —midi — L o 8
P LS TR ®)

According to Equations 6, 8 and assuming that the extinction
processes are categorized into two parts, namely diffuse and
absorption, the diffuse fraction can be transformed into:

1
K;=1- ? . e*(m75r+ma‘su) )
t

In the equation, m, represents the optical mass corresponding to
the extinction process caused by Rayleigh scattering, §, represents
the optical thickness corresponding to the extinction process caused
by Rayleigh scattering, m, represents the optical mass
corresponding to the extinction process caused by atmospheric
absorption, and §, represents the optical thickness corresponding
to the extinction process caused by atmospheric absorption.

Due to the clearness index K; € (0,1), the decomposition

according to the Taylor series is as follows:

1 1

E=m=;(1—lﬂ)] (10)

Equation 10 only converges when |1 — K;| < 1 is considered, and
by taking j = 0 and normalizing the absorption extinction effect
with the diffuse extinction effect, represented by 7, Equation 9 can be
expressed as follows:

Kd =1- e—mrér(lﬂ-)

(11)

Based on the logarithmic identity and Taylor series expansion,
Equation 11 can be transformed into:
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_lnlmr by (147)]

Kdzl—e

_lin(mydr)+in(147)]
e

=1- (12)

(C+17512+%13 Sl

=1-¢°

Equation 12 represents the derived diffuse fraction BRL general
model, where C is a constant, and the polynomial in the exponential
part approximates the extinction processes related to atmospheric
diffuse and absorption. The specific model should incorporate
variables that contribute significantly to atmospheric extinction
in the research.

The present study proposes two main contributions. Firstly, the
model incorporates the clearness index K;, which represents the
ratio of ground total radiation to extraterrestrial solar radiation.
Secondly, considering the significant impact of the relative path
length of direct radiation in the atmospheric extinction process, the
model introduces the atmospheric optical mass as the second
Therefore, the
proposed model is a binary BRL model for the diffuse fraction,

variable alongside the clearness index K;.

as shown in Equation 13.

e (a3+ag-Ky+as-m)

Kq(Kiym)=a,—a,-e” (13)

In the equation, al~a5 are the models parameters, and m is the
atmospheric optical mass.

The atmospheric optical mass here refers to the relative
atmospheric optical mass, which represents the ratio of the
distance that solar radiation travels through the atmosphere to
reach the sea level to the distance it would travel through the
atmosphere to reach the sea level when the sun is at the zenith.
The atmospheric optical mass is closely related to the solar zenith
angle and the elevation of the site, and its precise calculation requires
corrections for air pressure and atmospheric refraction, which are
determined through Equations 14-16 (Rigollier et al., 2000; Chen
et al., 2017; Kasten et al., 1989).

m= (p/po)
. —-1.6364
sin o + 0.50572 (as + 6.07995)

(14)

In the equation, a represents the solar zenith angle after
atmospheric refraction correction, which can be calculated using
Equation 16. p is the atmospheric pressure at the observation site,
and py is the average atmospheric pressure at sea level. The latter is
involved in the air pressure correction, which is particularly crucial
for sites located at higher elevations such as mountainous areas, and
it can be calculated using Equation 17.

180y  0.1594 + 1.123(10)r +0.065656(1%2) o
a=at 0.061359(—) x 2
n 1+28.9344(10)a + 277.3971(182) @
(15)
p/po =) (16)

In the equation, « represents the solar zenith angle, h represents
the elevation of the observation site, and h, represents the altitude of
the nearby Rayleigh atmosphere, taken as 8,434.5 m. A more
accurate estimation of the solar elevation due to atmosphere
refraction is given by Kambezidis (2021).

Next, the model parameters are solved. Using Matlab
programming, the training dataset is imported, and through
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TABLE 1 Parameters of the binary BRL model for the diffuse fraction.

Training data a, ar as as as
Hour data 0.2336 -0.7378 —5.6696 8.7847 0.2967
10-min data 0.1675 = -0.9487 = -2.8631 49361  0.0651

minute data 0.2058 —-0.9249 —-3.3851 5.9410 0.0862

nonlinear fitting, the binary BRL model function is derived. Table 1
lists the solved parameters of the binary BRL model, with one set for
each of the hourly, 10-min, and minute-scale radiation data, making
a total of three sets for each model. The binary BRL model surfaces
are shown in Figure 1, where (a)-(c) represent the surfaces fitted to
the hourly, 10-min, and minute-scale data, respectively.

The distribution relationship between the diffuse fraction and
the clearness index (K;) and atmospheric optical mass (m) was
investigated across three different time scales. A comparison of the
parameters obtained from the 10-min and minute-scale data in
Table 1 reveals a close similarity, whereas they significantly differ
from the parameters derived from hourly data. These discrepancies
in parameters correspond to different model forms. As observed
from Figure 1, in the BRL model, the clearness index (K;) ranges
between (0, 1), the atmospheric optical mass (m) ranges between (0,
6), and the function values range from (0, 1). The model shows a
monotonic decreasing trend concerning the clearness index (K¢),
while the atmospheric optical mass (m) does not significantly affect
the monotonicity of the diffuse fraction. The clearness index (x) is
divided into three intervals: 0 < K; < 0.3 represents overcast weather,
0.3 <K <0.7 represents cloudy weather, and 0.7 < K; <1 represents
sunny weather. Under overcast and sunny weather conditions, the
binary BRL model exhibits a relatively gradual change in the diffuse
fraction with varying clearness index (K;). However, under cloudy
weather, the diffuse fraction displays nearly linearly decreasing
behavior concerning the clearness index (K;), albeit with
different slopes at the transition points for different model
parameters. It is crucial to note that the binary BRL surface is
not a flat surface but exhibits certain distortions associated with the
atmospheric optical mass (m). Additionally, the diffuse fraction is
primarily concentrated within the range of atmospheric optical
mass (m<2).

4 Performance evaluation and
discussion

To assess the performance of the binary BRL model in
calculating the diffuse fraction, validation computations were
conducted using a validation dataset. Since the proposed binary
BRL model in this study consists of three sets of parameters obtained
from hourly, 10-min, and minute-scale radiation data, the validation
process required investigating the impact of different time scales on
model construction. Additionally, the validation dataset considered
the model’s applicability across various seasons and regions. To
achieve this, a separate set of 10-min and hourly radiation data
measured in May 2022 at the Lijiang station and hourly radiation
data measured in July 2022 and 10-min radiation data measured in
December 2022 at the Kazuo station were selected for comparison
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FIGURE 1
Fitting curve and surface of diffuse fraction binary BRL model. (A)

Based on hour data (B) Based on 10-min data (C) Based on
minute data.

with the training data. As minute-scale data were unavailable, the
10-min data was used for validation due to its similarity to minute-
scale data in model construction. The validation process employed a
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series of statistical analyses, including correlation coefficient , mean
bias, root mean square error, t-statistic, skewness, and kurtosis (Xing
et al, 2022; Chen et al, 2017). These analyses were used to
statistically compare the measured diffuse fraction with the
diffuse fraction calculated by the binary BRL model, thereby
evaluating the model’s computational performance.

The correlation coefficient » was utilized to analyze the linear
relationship between the measured diffuse fraction and the diffuse
fraction calculated by the binary BRL model, as calculated using
Equation 17:

Mz

¥ [Kae () = Kac] [Kem (i) ~ K]
r=——= (17)

N __, I~ _
\j; [ch (1) - ch] \jz [Kdm (l) - Kdm]

i=1

In equation, N represents the data quantity, K. (i) is the i-th
diffuse fraction calculated by the SO or S1 model, K. is the average
value of N Kg., Kgm (i) is the i-th measured diffuse fraction, and
Kam is the average value of N K. As r approaches 1, it indicates
that the model’s computational performance is better.

The Mean Bias Deviation (MBD) is used to analyze the
systematic error performance of the binary BRL model in
calculating the diffuse fraction. The closer the MBD value is to 0,
the smaller the systematic error in the model’s calculation of the
diffuse fraction. When MBD > 0, it indicates an overestimation
phenomenon in the calculated diffuse fraction; when MBD < 0, it
indicates an underestimation phenomenon. The MBD is calculated
using Equation 18:

Mz

& [ch (l) - Kdm (l)]

MBD ="

(18)
n
The Root Mean Squared Deviation (RMSD) is used to analyze
the random error performance of the binary BRL model in
calculating the diffuse fraction. The RMSD can be computed
using Equation 19, and a smaller value indicates a lower random
error in the model’s calculation of the diffuse fraction, indicating
higher precision.

3 [Kue 0) = Kan ()
RMSD = =

N (19)

Although MBD and RMSD can evaluate the performance of the
binary BRL model in calculating the diffuse fraction from the aspects
of accuracy and precision, they have inherent limitations. For
example, in cases of overall overfitting or underfitting, it is
possible to observe very small RMSD values with significantly
large MBD values. Additionally, when fitting a large number of
discrete values that can cancel out positively and negatively, small
MBD and large RMSD can coexist. Therefore, this study introduces
the t-statistic, as shown in Equation 20, to comprehensively evaluate
the model’s performance in calculating the diffuse fraction,
considering both MBD and RMSD. A smaller t-statistic indicates

better performance.
. [ (N -1)MBD?
~ YRMSD? — MBD?
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Furthermore, the skewness and kurtosis of the residuals between
the measured diffuse fraction and the diffuse fraction calculated by
the binary BRL model were calculated in this study. Skewness and
kurtosis provide information about the symmetry and peakness of
the residual distribution relative to a standard normal distribution.
Ideally, the skewness and kurtosis values of a standard normal
distribution are both 0. Therefore, smaller values of skewness and
kurtosis indicate better performance of the model in calculating the
diffuse fraction.

Table 2 presents the results of the statistical analysis between the
calculated diffuse fraction using the binary BRL model and the
measured diffuse fraction. All correlation coefficients are above 0.8,
MBD values are within £0.2, RMSD values are within 0.25, and the
minimum t-statistic is as low as 0.1074.

When validated using the hourly and 10-min data from the
Lijiang station in May 2022, the binary BRL model constructed using
the 10-min training data exhibits the best overall performance, with
correlation coefficients of 0.9411 and 0.9440, and t-statistic values as
low as 3.2119 and 3.6541, respectively. The binary BRL model
constructed using minute-scale training data follows closely,
while the model constructed using hourly data shows the least
satisfactory performance among the three.

When validated using the July hourly radiation data from the
Kazuo station, the binary BRL model constructed using hourly
training data demonstrates the best overall performance, while
validated using the December 10-min data from the Kazuo
station, the binary BRL model constructed using 10-min training
data demonstrates the best overall performance, with correlation
coefficients of 0.9257 and 0.9603, t-statistic values of 5.7016 and
22.7655, respectively. For the July hourly validation data from the
Guangzhou station, the maximum correlation coefficient is only
0.8807, indicating an overall underestimation of the calculated
diffuse The
correlation coefficient for the December 10-min validation data is

fraction compared to the measured values.
above 0.9, however the corresponding t-statistic is relatively large.
The validation results for the hourly and 10-min data from the
Wuhan station are generally good, with correlation coefficients
above 0.9. The hourly validation data from the Urumgqi station
shows similar performance to the hourly data from the Guangzhou
station, with the maximum correlation coefficient at 0.8575.
However, the 10-min data from the Urumgqi station for
validation exhibit correlation coefficients above 0.9, with smaller
mean bias and root mean squared error compared to the 10-min
data, but the t-statistic is relatively larger.

In conclusion, the binary BRL model performs well when
validated with data from the Lijiang station, while the calculated
diffuse fraction for data from the Kazuo, Guangzhou, Wuhan, and
Urumgi stations is relatively less accurate, with MBD values
generally below 0, indicating an overall underfitting state. This is
attributed to the training dataset being exclusive to radiation data
from the Lijiang station. Therefore, validation using data from the
Lijiang station is more effective in evaluating the model’s
performance. For future research, it is necessary to include cross-
regional station data in the training dataset to enhance the model’s
applicability.

Using the validation data from the Lijiang and Kazuo stations as
examples, Figure 2 illustrate the comparative validation plots of
based on the

different-parameter  binary BRL models
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TABLE 2 The statistical analysis results of the diffuse fraction calculated by the binary BRL model.

Training data Validating data MBD RMSD t- Skewness Kurtosis
Statistics
Hour data Hour data collected in May, 2022 from Lijiang station 0.9319  0.0421 0.1267 6.1970 0.7639 3.6787
10-min data 0.9411 0.0204 0.1136 3.2119 0.4685 3.5510
minute data 0.9431 0.0408 0.1208 6.3183 0.5997 4.3368
Hour data 10-min data collected in May, 2022 from Lijiang station 0.9359  0.0314 0.1214 11.6059 0.5507 3.7084
10-min data 0.9440  0.0093 0.1105 3.6541 0.1404 3.3877
minute data 0.9468  0.0302 0.1146 11.8810 0.1472 3.9717
Hour data Hour data collected in July, 2022 from Kazuo station 0.9257 -0.0378 0.1203 5.7016 -0.0116 3.0426
10-min data 0.9083 = -0.0635 0.1414 8.6636 —-0.0089 2.5158
minute data 0.9075  —-0.0476 0.1344 6.5218 —-0.2681 2.6628
Hour data 10-min data collected in December, 2022 from Kazuo station 0.9563  —0.0672 0.1103 28.1061 -1.1209 4.7259
10-min data 0.9598  —-0.0618 0.1088 25.3011 -0.8936 3.2392
minute data 0.9603 = -0.0515 0.0975 22.7655 -1.2216 4.3985
Hour data Hour data collected in July, 2022 from Guangzhou station 0.8807  —0.0230 0.1233 3.4874 —0.2640 4.0931
10-min data 0.8248 = —-0.0410 0.1601 4.8593 —-0.2531 3.0916
minute data 0.8287 = —-0.0027 0.1617 0.3066 —-0.4277 3.3386
Hour data 10-min data collected in December, 2022 from Guangzhou 0.9452  -0.0729 0.1200 28.3337 -1.0620 4.5442
station
10-min data 0.9415  -0.0635 0.1206 22.9454 —-0.7245 29135
minute data 0.9443  —-0.0546 0.1100 21.1850 -1.0627 3.9155
Hour data Hour data collected in July, 2022 from Wuhan station 0.9309  —0.0446 0.1188 6.8553 —-0.5028 4.8298
10-min data 0.9070 = -0.0695 0.1501 8.8421 —-0.4167 2.9721
minute data 0.9069  —0.0341 0.1438 4.1332 —-0.6630 3.1578
Hour data 10-min data collected in December, 2022 from Wuhan station = 0.9184 @ -0.0200 0.1251 5.9847 1.4549 9.6363
10-min data 0.9079 = -0.0116 0.1321 3.2624 1.8703 11.2797
minute data 0.9088 = 0.0004 01350 0.1074 2.0840 12.2507
Hour data Hour data collected in July, 2022 from Urumgi station 0.8575  -0.0773 0.1765 5.4001 -0.1277 2.2735
10-min data 0.8248  -0.1282 0.2165 8.1548 —-0.0873 1.9954
minute data 0.8255  -0.1105 0.2068 7.0143 -0.2229 2.0853
Hour data 10-min data collected in December, 2022 from Urumgi station = 0.9483  —0.0816 0.1282 28.8168 —1.0554 4.1248
10-min data 0.9481 -0.0718 0.1312 22.8125 —-0.8531 2.7324
minute data 0.9493 = -0.0669 0.1196 23.5590 —-1.1049 3.5894

aforementioned station validation datasets. The three sets of
different parameters for the binary BRL model correspond to
those obtained from hourly, 10-min, and minute-scale radiation
data training.

Figures 2A-F present the validation comparison plots of the
diffuse fraction calculated by the different-parameter binary BRL
models using the Lijiang station’s hourly and 10-min radiation data
for validation. Specifically, the binary BRL models trained with 10-
min and minute-scale data yield better representations of the diffuse
fraction distribution. Figures 2G-L show the validation comparison
plots of the diffuse fraction calculated by the different-parameter

Frontiers in Energy Research 07

binary BRL models using the Kazuo station’s hourly radiation data
in July and 10-min radiation data in December, respectively. From
the figures, it is evident that the diffuse fraction calculated by the
binary BRL models generally falls below the measured diffuse
fraction, indicating an underfitting state.

5 Conclusion

The influence of the diffuse fraction on sunshine duration

measurement was investigated in this study. Based on
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FIGURE 2

(Continued). The validation comparison plots of different-parameter binary BRL models are presented in Figure 2. (A—C) show the validation
comparison for the binary BRL model using the hourly radiation data from the Lijiang station in May 2022. (D—F) depict the validation comparison for the
binary BRL model using the 10-min radiation data from the Lijiang station in May 2022. (G-1) display the validation comparison for the binary BRL model
using the hourly radiation data from the Kazuo station in July 2022. Finally, (J—L) demonstrate the validation comparison for the binary BRL model
using the 10-min radiation data from the Kazuo station in December 2022.
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atmospheric radiation transfer theory and utilizing Taylor series
expansion, a binary BRL model was established to relate the
diffuse fraction to the clear-sky index and atmospheric optical
thickness. Training datasets were created using radiation
measurement data at different time scales, namely hourly, 10-
min, and minute-scale, from the Lijiang station. Through non-
linear fitting in Matlab, the binary BRL model was developed to
estimate the diffuse fraction with respect to the clearness index
and atmospheric optical thickness, providing corresponding
model parameters and their corresponding two-dimensional
surfaces. Validation datasets from two distinct stations,
namely the Lijiang and Kazuo stations, were selected to
calculate the diffuse fraction using the binary BRL model.
Statistical analyses were performed to assess the correlation
coefficient, mean bias deviation (MBD), root mean squared
deviation (RMSD), and t-statistic between the measured and
computed diffuse fraction values.

The conclusions and prospects are as follows:

(1) The diffuse-fraction values computed by the binary BRL
model demonstrated correlation coefficients above 0.8,
MBD within +0.2, RMSD within 0.25, and minimum
t-statistic as low as 0.1074. This indicates the suitability of
the model for constructing the sky diffuse fraction and
provides new insights into the study of the distribution
pattern of diffuse radiation and its impact on sunshine
duration measurement.

The validation data from the Lijiang station showed
that the binary BRL model constructed using 10-min
radiation data exhibited the best performance in
calculating the diffuse fraction, followed by the model
using minute-scale data, and the model using hourly data
performed the worst. Thus, adequate data volume is
essential when constructing the BRL model to ensure
its validity.

(3) The validation data from the Kazuo, Guangzhou, Wuhan,
that the diffuse
fraction calculated by the binary BRL model was

and Urumqi stations indicated
consistently lower than the measured diffuse fraction
the
applicability,
limited suitability, which is attributed to the absence of

at Kazuo station. Regarding cross-regional

the binary BRL model demonstrated

Kazuo radiation data in the training dataset. Therefore,
future studies should incorporate radiation data from

multiple stations to further enhance the model’s

applicability.
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