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ABSTRACT
This study developed and tested a Global Solar Radiation Exergy model using data

from the Himawari-8/AHI Satellite, focusing on four key provinces in Thailand: Chiang
Mai, Nakhon Pathom, Ubon Ratchathani, and Songkhla. The model’s accuracy was evalu-
ated based on R-squared, RMSD, andMBDvalues. For ChiangMai, themodel demonstrated
high precision, with an R-squared value of 0.91, RMSD ranging from 0.90 to 0.91, andMBD
between 0.21 and 0.30. In Nakhon Pathom, the model achieved R-squared values between
0.87 and 0.89, RMSD from 0.75 to 0.88, and MBD from 0.60 to 0.79, indicating good accu-
racy with some variability. The results for Ubon Ratchathani showed R-squared values from
0.78 to 0.79, RMSD between 0.51 and 0.55, and MBD from -0.13 to -0.23, suggesting high
accuracy with a tendency to underestimate values. Finally, the model for Songkhla had an R-
squared value of 0.81, RMSD ranging from 0.89 to 1.00, and MBD between -0.31 and -0.59,
indicating good accuracy with minor variations in estimations. These findings underscore
the model’s effectiveness in predicting solar energy potential and emphasize the necessity
for regional adjustments to enhance precision across diverse geographic settings.

Keywords: Efficiency; Exergy; Solar Energy

*Corresponding author: ratphadu@engr.tu.ac.th doi: 10.14456/scitechasia.2024.79



P. Sakwan et al. | Science & Technology Asia | Vol.29 No.4 October - December 2024

1. Introduction
Solar energy, a clean and renewable

source, stands at the forefront of address-
ing global energy challenges and climate
change. Despite its rapid growth in adop-
tion and strong support from the scientific
community and energy investors, solar en-
ergy currently constitutes only a minor frac-
tion of the global energy mix. However,
its potential to significantly reduce green-
house gas emissions and replace fossil fu-
els is undeniable. Predictions, based on ex-
ponential growth trends, suggest that solar
energy could potentially meet all of our en-
ergy needs by around 2032, although this
is subject to various factors such as market
saturation and political pressures [1].

The versatility of solar energy is evi-
dent in its wide range of applications, from
residential power generation to large-scale
utility projects, including photovoltaic sys-
tems and concentrated solar power plants
[2]. Furthermore, the role of solar energy in
sustainable and green technologies is high-
lighted by its use in processes like solar dis-
tillation and drying [3], as well as solar py-
rolysis reactors for biomass conversion [4].

Solar radiation modeling has evolved
significantly, contributing to a deeper un-
derstanding of solar energy distribution and
its potential applications. This review ex-
plores various models and tools developed
for solar radiation analysis, highlighting
their capabilities and limitations. The Solar
Analyst, for example, exemplifies a com-
prehensive tool that utilizes digital eleva-
tion models (DEMs) to calculate insolation
maps, taking into account factors like view-
shed, surface orientation, and atmospheric
conditions. This model adeptly combines
the strengths of point-specific and area-
based approaches, providing detailed inso-
lation data for various locations [5].

Geographical Information Systems

(GIS) have also been instrumental in solar
radiation modeling, particularly for com-
plex terrains. GIS models integrate data
from both stations and satellites, offering
a powerful approach for mapping and in-
terpolating solar radiation data, as outlined
in the work under the United Nations Solar
and Wind Energy Program [6]. The MARS
model, another notable development, has
demonstrated its effectiveness in solar radi-
ation forecasting. Researchers have shown
the model’s superior performance in cer-
tain scenarios compared to other techniques
like the Kriging method and linear mod-
els. These studies underscore the model’s
capacity to provide reliable solar radiation
forecasts based on various atmospheric pa-
rameters[7, 8].

In the realm of artificial neural net-
works, research delves into identifying the
optimal combination of inputs for solar ra-
diation modeling. This study identifies key
variables that significantly impact solar ra-
diation predictions, offering valuable in-
sights for future modeling endeavors [9].
Clearness indices and climate regimes also
shed light on the importance of geographi-
cal and temporal factors in solar radiation
modeling. This research emphasizes the
correlation between clearness indices and
diffuse sky ratios, providing a nuanced un-
derstanding of solar irradiance variations
across different climate regimes [10].

The evaluation of Surface Solar Irra-
diance (SSI) products from the Advanced
Himawari Imager (AHI) on the Himawari-
8 satellite, a new-generation geostationary
satellite with high spatiotemporal resolu-
tion, is a significant aspect of this discus-
sion. Released by the Japan Aerospace
Agency (JAXA), these AHI SSI products
have shown substantial potential in en-
ergy budgets, solar energy, and ecosystem
studies. An evaluation using pyranome-
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ter measurements from the Chinese Ecosys-
tem Research Network (CERN) at 36 sites
in China, from March to December 2016,
revealed a strong correlation between the
AHI SSI products and ground measure-
ments [11].

2. Literature Review
In their paper titled ”A Data-Driven

Approach for On-line Gas Turbine Com-
bustion Monitoring using Classification
Models,” Allegorico and Mantini [7] em-
ployed logistic regression and an artificial
neural network to recognize anomaly pat-
terns leading to combustion issues. They
also integrated a physics-based algorithm
into their study for comparison. Their find-
ings revealed that machine learning mod-
els, particularly logistic regression, outper-
formed their counterparts, demonstrating
the potential of these models in detecting
combustion anomalies. However, their fo-
cus on combustion monitoring alone rather
than on broader efficiency metrics and their
analysis under specific turbine conditions
limits the generalizability of their approach

Jihad and Tahiri [8], in their work
”Forecasting the Heating and Cooling Load
of Residential Buildings by Using a Ma-
chine Learning Algorithm ’Gradient De-
scent,’” predicted the energy requirements
of residential buildings in the Agadir re-
gion of Morocco. They achieved remark-
able accuracy rates of 98.7% and 97.6%
for prediction and test data, respectively,
using gradient boosting. This high per-
formance influenced our choice of the al-
gorithm for our research. However, their
study focused solely on residential build-
ings, which differ significantly in efficiency
and operational dynamics from industrial
power plants, thereby limiting the direct ap-
plicability of their findings to Combined
Cycle Power Plants (CCPPs).

Elfaki and Ahmed [9] utilized arti-
ficial neural network (ANN)-based regres-
sion models with a four-input dataset to pre-
dict the electrical output power of a com-
bined cycle power plant. Their research
highlighted the stochastic behaviour of the
regression model and concluded that in-
creasing the dataset size led to improved
predictions and enhanced the reliability of
the ANN model. Yet, with only four input
variables, their model potentially missed
additional factors relevant to more complex
energy systems like CCPPs.

Kaya, Tufecki, and Gurgen [10] con-
ducted an experiment using a six-year
dataset, incorporating temperature, humid-
ity, pressure, and exhaust vacuum as in-
puts. They formed both local and global
predictive models using various techniques,
including conventional multivariate regres-
sion, additive regression, k-NN, feedfor-
ward ANN, and K-Means clustering. Their
findings illustrated that even basic regres-
sion tools such as K-NN could forecast
net yield with an average relative error of
less than 1%, underscoring the potential for
improved performance with the incorpora-
tion of more advanced tools and compre-
hensive pre-processing. This finding high-
lighted the potential for improved perfor-
mance with advanced tools and thorough
pre-processing. However, their study did
not explore ensemble methods that could
capture complex interactions between vari-
ables.

Siddqui et al. [11] estimated power
production by a Combined Cycle Power
Plant (CCPP) on an hourly basis using
machine learning algorithms. They eval-
uated five models, including K-Nearest
Neighbors, Linear Regression, Gradient-
Boosted Decision Trees, Artificial Neural
Network, and Deep Neural Network, with
the Gradient-Boosted Decision Trees yield-
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ing the most favorable results. Their work
underscores the need to evaluate multiple
models to achieve optimal accuracy; how-
ever, it concentrated only on power predic-
tion without exploring efficiency or other
operational metrics

Similarly, Alketbi et al. [12] em-
ployed four machine learning methods–
Multiple Linear Regression, K-Nearest
Neighbors, Multilayer Perceptron, and
Random Forest Regression-on four input
variables. Their experiments demonstrated
that Random Forest Regression produced
the most promising outcomes. While effec-
tive, their approach used a limited number
of input variables, possibly overlooking ad-
ditional significant operational factors for
power plants.

In reviewing previous studies, we
noted that regression methods were com-
monly used but with limited input variables,
often missing critical aspects of CCPP ef-
ficiency. This prompted us to expand our
experiments to include not only key envi-
ronmental factors but also a range of in-
ternal components. Additionally, we em-
ployed advanced machine learning tech-
niques, such as gradient boosting, adaptive
boosting, and bagging ensembles, along-
side various regression methods to identify
the most effective model. By incorporating
a broader set of variables and sophisticated
techniques, our study aims to offer a more
accurate and comprehensive approach to ef-
ficiency estimation.

Estimating Surface Solar Irradiance
(SSI) from the AHI on the Himawari-8
satellite is vital for solar energy implemen-
tation, weather and climate modeling, and
ecological and agricultural studies. The em-
ployedmodel retrieves properties of clouds,
aerosols, and surface albedo to accurately
calculate global, direct, and diffuse SSI
components. Its success hinges on cali-

bration against in-situ measurements across
Australia, factoring in elements like water
vapor, often overlooked in physics-based
methods. Validated over three years using
data from 11 Australian sites, the model has
proved effective in various conditions, ex-
hibiting low biases and error rates. Once
calibrated, it operates independently, using
only geostationary satellite inputs, demon-
strating the feasibility of deploying the
model globally with minimal ground data
[12].

For estimating Global Horizontal
Irradiance (GHI), four machine learn-
ing algorithms and their ensemble, using
Himawari-8 data as the sole input, have
been employed. These models have shown
impressive accuracy, with results outper-
forming the official Himawari-8 short-
wave radiance product. However, varia-
tions in model effectiveness under differ-
ent weather conditions, particularly under
overcast skies, highlight the need for fur-
ther refinement. Despite these challenges,
this approach shows promise for near-real-
time GHI estimation [13].

A statistical model for computing
global spectral solar irradiance across Thai-
land under various sky conditions is also
noteworthy. It integrates clear-sky global
spectral irradiance with a cloud modifica-
tion function, utilizing data from four re-
gional stations. This model, validated with
ground-measured spectral data from 2017
to 2021, uses sky images and Himawari-8
derived cloud indices. Its close alignment
with actual measurements, evidenced by a
root mean square difference of 9.48%, em-
phasizes its accuracy and importance for so-
lar energy research in Thailand, especially
in leveraging advanced satellite data like
Himawari-8 [14].

The Himawari-8 satellite’s advanced
geostationary capabilities have been cru-
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cial in solar radiation modeling, partic-
ularly in Asia. Its ability to precisely
track solar irradiance at sub-hourly inter-
vals is essential for accurately assessing SSI
and understanding atmospheric dynamics.
The satellite’s extensive coverage over di-
verse Asian climatic zones makes it invalu-
able for regional solar studies. In Thai-
land, Himawari-8’s capabilities are espe-
cially beneficial in addressing tropical cli-
mate challenges for solar energy forecast-
ing, offering a reliable data source for en-
hanced solar radiation modeling.

Exergy, a pivotal property in thermo-
dynamics, is defined as the maximum use-
ful work achievable when a system reaches
equilibriumwith its environment. This con-
cept encompasses the state of both the sys-
tem and its environment, factoring in the ir-
reversibilities that occur in thermodynamic
processes. These irreversibilities, which
lead to entropy generation, contribute to the
destruction of exergy, thereby limiting the
potential useful work [15]. Exergy analysis,
which considers these irreversibilities, has
become essential in assessing and determin-
ing the limits of work achievable in various
thermodynamic processes. In renewable
energy, this analysis is particularly vital, as
it’s used to evaluate the performance and ef-
ficiency of innovative systems such as pho-
tovoltaic/thermal (PV/T) systems [16-19],
and hydrogen production systems [20-23].

Exergy constitutes a critical element
in the scholarly examination of solar energy
systems, wherein the exergy of solar radi-
ation emerges as a fundamental determi-
nant of the system’s overall exergy, encap-
sulating aspects such as thermal and elec-
trical exergy. The model proposed, pred-
icated upon ambient temperature parame-
ters, has made a significant contribution to
the field, particularly in the context of ther-
modynamic analysis of incident solar radi-

ation [24]. This conceptual advancement
has galvanized the academic community,
prompting researchers to develop predictive
models for solar radiation exergy. These
models, which incorporate the Angstrom-
Prescott solar radiation paradigm, have
been applied with notable success in diverse
geographic contexts, especially relevant to
studies focusing on variables such as sun-
shine duration and day length [25-27]. Fur-
thermore, the researcher introduces a nu-
anced concept of spatial solar exergy dis-
play, effectively building upon the foun-
dational framework established by the to-
tal solar radiation model [28]. A novel dy-
namic roll bond PVT collector system un-
der real-world conditions highlights key ad-
vancements in solar, thermal, and electrical
modeling, offering improved exergy anal-
ysis for PVT panels over extended periods
[29]. A new CPC and PTC-based CPV/T-
STEG hybrid system is proposed, incorpo-
rating a steady-state coupled model vali-
dated through 3-D simulations. The study
reveals improvements in electrical and ther-
mal performance, with a detailed analysis
of the impact of critical parameters such as
solar concentration and flow rate on system
efficiency [30].

Utilizing data from the Himawari-
8 satellite to develop global solar radi-
ation exergy models provides significant
advantages for solar energy research and
applications. Himawari-8’s capability to
provide spatiotemporal information with
higher resolution than other models allows
researchers to analyze solar radiation ex-
ergy more precisely, reflecting the effi-
ciency of solar radiation conversion into us-
able energy. Therefore, this research aims
to create a global solar radiation exergy
model specifically for Thailand, utilizing
data from the Himawari-8 satellite. This
model has the potential to assist in estimat-
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ing global solar radiation exergy under var-
ious environmental conditions in Thailand.
The research will enhance our understand-
ing of solar energy utilization at the local
and regional levels and develop new meth-
ods for efficient solar energy use in Thai-
land. This, in turn, will positively impact
energy planning and sustainable develop-
ment within the country, leading to a more
informed and efficient utilization of solar
energy resources.

3. Methodology
3.1 Solar radiation model

The solar radiation model employs
a satellite-based methodology, as proposed
by Hay and Hanson [31]. In this model, the
coefficients a, and b have been empirically
determined.

𝐻

𝐻0
= 𝑎𝑏𝛼𝑝 . (3.1)

The monthly average daily extrater-
restrial solar radiation on the horizontal sur-
face, denoted as Ho, can be calculated using
the following equation [32].

The solar constant, Gsc, is 1367
W/m2.

𝐻0 =
(24 × 3600𝐺𝑠𝑐𝐸0)

𝜋
[cos 𝜑 cos 𝛿 sin𝑊𝑠

+𝜋𝑊𝑠

180
sin 𝜑 sin 𝛿] . (3.2)

The correction factor for the varia-
tion of the Earth-Sun distance (𝐸0) and dec-
lination can be determined using equations
derived from Duffie and Beckman [32] and
Cooper [33], respectively. The order of
days in a year is represented by 𝑑𝑛, ranging
from 1 on January 1 to 365 onDecember 31.
For the purpose of Eqs. (3.3)-(3.4) Febru-
ary is considered to have 28 days. Eq. (3.5)
involves the sun hour angle (𝑊𝑠), while the

latitude of the measuring station is denoted
as 𝜑.

𝐸0 = 1 + 0.033 cos(2𝜋𝑑𝑛
365

), (3.3)

𝛿 = 23.45 sin[360
365

(𝑑𝑛 + 284)], (3.4)

𝑊𝑠 = cos−1 [− tan(𝛿) tan(𝜑)] . (3.5)

3.2 Exergy of global solar radiation
model

Global solar radiation exergy can be
represented in terms of maximum conver-
sion efficiency and incident solar radiation
[34].

𝐻𝑒𝑥𝑒𝑟𝑔𝑦 = Ψ · 𝐻. (3.6)

The equation can be reformed by di-
viding it by Ho to obtain the ratio of to-
tal radiation to extraterrestrial radiation, as
shown in Eq. (3.7).

The parameters for the model that
will be constructed will be discussed in the
next section.

𝐻𝑒𝑥𝑒𝑟𝑔𝑦

𝐻0
= Ψ(𝑇0) ·

𝐻

𝐻0
. (3.7)

The solar radiation exergy efficiency,
represented by Ψ, is determined by the so-
lar temperature 𝑇𝑠, which is approximately
6,000𝐾 , and the average daily ambient tem-
perature for each month, 𝑇0 [35].

Ψ = 1 + 1

3

(
𝑇0
𝑇𝑠

)4
− 4

3

𝑇0
𝑇𝑠
. (3.8)

From Eqs. (3.1) and (3.6), we can de-
velop a model using empirical equations for
this study. A notable feature of this model
is that it requires only a single input param-
eter, which is the actual planetary albedo
(𝛼𝑝), to calculate the solar radiation exergy.
There’s no need for the global solar radia-
tion or the solar radiation exergy efficiency.

𝐻𝑒𝑥𝑒𝑟𝑔𝑦

𝐻0
= Ψ(𝑇0) ·

𝐻

𝐻0
.
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= Ψ(𝑇0) · 𝑓 (𝑎, 𝑏, 𝛼𝑝),

𝐻𝑒𝑥𝑒𝑟𝑔𝑦

𝐻0
= 𝑓 (𝑎, 𝑏, 𝛼𝑝). (3.9)

3.3 Research case studies
Experimental data for this study were

sourced from two main origins. First, the
monthly average daily global solar radiation
data were obtained from measurement sta-
tions within the solar energy research lab-
oratory network at the Faculty of Science,
Silpakorn University [36]. Second, the av-
erage daily and monthly ambient tempera-
tures were collected from the Thai Meteo-
rological Department database [37], and the
actual planetary albedo was observed from
the VIS band of the Himawari-8/Advanced
Himawari Imager (AHI) at the Meteoro-
logical Satellite Center of JMA [38]. The
primary objective of this research is to in-
vestigate the solar exergy potential in four
strategically distributed capital provinces of
Thailand: Chiang Mai, Nakhon Pathom,
Songkhla, and Ubon Ratchathani. These
stations are located in the northern, central,
southern, and northeastern regions of Thai-
land, respectively, and offer geographic di-
versity in terms of latitude, as indicated
in Table 1. The locations of these four
provinces are illustrated in Fig. 1. Data
from 2015 to 2016 were utilized for model-
ing Global Solar Radiation Exergy, and the
models were subsequently tested using data
from 2017.

Table 1. Information about the provinces con-
sidered in the study.

Location Latitude Longitude
Chiang Mai 18.78◦ N 98.88◦ E

Nakhon Pathom 13.82◦ N 100.04◦ E
Ubon Ratchathani 15.25◦ N 105.87◦ E

Songkhla 7.20◦ N 100.60◦ E

Fig. 1. Map of Thailand indicating the locations
of the four stations.

4. Results and Discussion
An analysis of the average daily total

solar radiation permonth from 2015 to 2017
at stations in Chiang Mai, Nakhon Pathom,
Songkhla, and Ubon Ratchathani helps us
understand the variability in solar radiation
levels in Thailand over the years. This in-
formation is beneficial for efficient solar en-
ergy planning. These data will be used to
create models predicting solar energy po-
tential, taking into account the environmen-
tal temperatures in Thailand. This infor-
mation is crucial for developing strategies
for utilizing solar energy in the future, both
within Thailand and in neighboring coun-
tries in Southeast Asia. The details from
Fig. 2 are as follows:

• The Chiang Mai station, located in
the northern region of Thailand, re-
veals significant seasonal variability
in solar exergy potential. Through-
out the year, the average monthly so-
lar radiation reaches its zenith inMay
with a peak value of 21.48 MJ/m2,
accompanied by the year’s highest
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Fig. 2. Average daily total solar radiation per
month from 2015 to 2017.

recorded figure of 22.14MJ/m2. This
peak is indicative of the intense solar
influx during the dry, pre-monsoon
summer period. Conversely, the low-
est average radiation is observed in
July, at the heart of the rainy season,
with an average of 15.91 MJ/m2, and
the absolute minimum is recorded in
August at 14.77 MJ/m2, likely due
to increased cloud cover associated
with monsoonal patterns. This oscil-
lation between the summer highs and
the wet season lows underscores the

influence of Thailand’s tropical cli-
mate on solar radiation levels. Such
data are crucial for optimizing the de-
sign and implementation of solar en-
ergy systems by ensuring that sea-
sonal fluctuations are accounted for
in energy projections and infrastruc-
ture planning. With clear trends of
higher radiation levels during the hot,
dry season, and a decrease during
the rainy and cooler months, these
insights can inform more efficient,
climate-conscious applications of so-
lar technology in the region.

• Nakhon Pathom station, reflecting
the climate dynamics of central Thai-
land, shows insightful variations in
solar radiation throughout the year.
The average monthly solar radiation
values peak in April, reaching a high
of 23.17 MJ/m2, which aligns with
the transition toward the hot sea-
son when solar insolation is at its
strongest. This period is pivotal
for solar energy harvesting, suggest-
ing the potential for maximizing so-
lar energy capture. After the peak,
there is a significant decrease dur-
ing the rainy season, with July’s av-
erage dipping to 18.79 MJ/m2, and
the station’sminimumvalue recorded
at 17.46 MJ/m2, reflecting the re-
duced solar radiation due to cloud
cover and precipitation. The data also
show a recovery in solar radiation
post-monsoon, with values climbing
back up in August to an average of
19.03 MJ/m2. The variation from a
maximum of 24.48 MJ/m2 in the hot
dry season to a minimum of 14.93
MJ/m2 toward the end of the rainy
season inNovember illustrates the ro-
bust seasonal impact on solar poten-
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tial. These fluctuations highlight the
need to incorporate seasonal trends
into the planning and operation of
solar energy systems, ensuring they
are equipped to manage the changes
in solar radiation and maintain effi-
ciency throughout the year.

• In southern Thailand, the Songkhla
station’s detailed solar radiation mea-
surements capture the profound vari-
ability that is crucial for optimizing
solar energy systems. March is no-
table with an average solar radia-
tion of 24.53 MJ/m2, showcasing the
area’s maximum solar harvesting po-
tential in a month characterized by
long periods of sunshine and clear
skies. In stark contrast, December’s
average plummets to 15.05 MJ/m2,
reflecting the reduced solar capacity
during the northeast monsoon, which
brings shorter days and increased
cloudiness. Even within individual
months, such as April, the variation is
substantial, with solar radiation peak-
ing at 25.43 MJ/m2 and dropping to
a minimum of 22.29 MJ/m2, under-
scoring the need for a solar energy in-
frastructure that can adapt to not only
seasonal but also daily changes in so-
lar irradiance.

• In Ubon Ratchathani, a northeastern
province of Thailand, the solar ra-
diation data reveals pronounced sea-
sonal variation affecting solar energy
potential. The average solar radia-
tion peaks in April at 22.02 MJ/m2,
coinciding with the region’s hot, dry
season– ideal conditions for solar
harvesting. However, the average
dips to its lowest in July at 16.11
MJ/m2, reflecting the influence of the
monsoon with increased cloudiness.

The data shows a notable disparity
within the year, with the highest so-
lar radiation reaching 22.62MJ/m2 in
April and the lowest at 13.98 MJ/m2

in September, indicating the need
for solar energy systems to be re-
silient and adaptable to these signif-
icant shifts. Solar systems in Ubon
Ratchathani must be designed to op-
timize energy capture during peak
radiation and to operate efficiently
through the less predictable rainy sea-
son, ensuring a stable year-round en-
ergy supply.

Our study began with the calculation
of the monthly average daily global solar
radiation, which entailed averaging the so-
lar radiation data for each month across the
full data period. For instance, the Nakhon
Pathom station’s data for April was aver-
aged from the measurements taken between
April 2015 and April 2016, yielding the
monthly average daily global solar radia-
tion for that month. This value was then
normalized by dividing it by the monthly
average daily extraterrestrial solar radiation
for April. This methodology was consis-
tently applied across all twelve months of
the year. We also computed the actual plan-
etary albedo by averaging relevant mea-
surements over the same timespan.

The computation of the solar radi-
ation exergy efficiency was based on the
monthly average daily ambient temperature
which was derived from the mean of daily
temperatures for the month and a solar tem-
perature of 6,000K, as stated in Eq. (3.8).
We further processed these values using
a linear regression fitting method aligned
with Eq. (3.9) within a Python environ-
ment. The primary function of this study
was to estimate the parameters 𝑎′ and ’𝑏,’
which are indicative of the influence of so-
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lar radiation exergy efficiency and actual
planetary albedo on ourmodel (Fig. 3). The
linear regression technique was instrumen-
tal in delineating the complex interplay be-
tween these variables.

5. Results and Discussion

Fig. 3. The relationship between the so-
lar radiation exergy per extraterrestrial solar
radiation(𝐻𝑒𝑥/𝐻0) and the actual planetary
albedo (𝛼𝑝) .

The regression constants for the var-
ious stations across Thailand were ascer-

Table 2. Regression constants for Thailand sta-
tion.

Site Area Model 𝑎′ 𝑏′ R2

Chiang Mai B01 0.69 -1.82 0.91
B02 0.67 -1.8 0.91
B03 0.65 -1.75 0.91

Nakhon Pathom B01 0.76 -2.26 0.87
B02 0.74 -2.21 0.87
B03 0.7 -2.05 0.89

Ubon Ratchathani B01 0.68 -1.77 0.78
B02 0.66 -1.78 0.79
B03 0.65 -1.75 0.79

Songkhla B01 0.86 -3.14 0.81
B02 0.82 -2.96 0.81
B03 0.79 -2.95 0.81

tained as seen in Table 2. For Chiang
Mai, the constants 𝑎′ ranged from 0.65 to
0.69, and 𝑏′ from -1.75 to -1.82, with an
R-squared value of 0.91 across all three
bands. Nakhon Pathom showed 𝑎′ val-
ues from 0.70 to 0.76, 𝑏′ values from -
2.05 to -2.26, and R-squared values be-
tween 0.87 and 0.89. Ubon Ratchathani’s
𝑎′ ranged from 0.65 to 0.68, 𝑏′ from -1.75
to -1.78, and R-squared values of approx-
imately 0.78 to 0.79. Songkhla’s 𝑎′ val-
ues were significantly higher, ranging from
0.79 to 0.86, and 𝑏′ values from -2.95 to -
3.14, with an R-squared value consistently
at 0.81.

The regression analysis across differ-
ent bands and locations revealed distinct
patterns. The R-squared values indicate
a strong correlation between the measured
and predicted values of solar radiation ex-
ergy efficiency, especially for the Chiang
Mai station across all bands. This suggests
that the models are well-fitted for this re-
gion and that the solar radiation exergy ef-
ficiency is highly predictable based on the
parameters 𝑎′ and 𝑏′.

The variation in the constants 𝑎′ and
𝑏′between the different locations and bands
reflects the unique solar radiation profiles

177



P. Sakwan et al. | Science & Technology Asia | Vol.29 No.4 October - December 2024

and atmospheric conditions at each site. For
example, the higher 𝑎′ values in Songkhla
could be attributed to its coastal environ-
ment, which may affect the atmospheric
clarity and, consequently, the solar radia-
tion received. The 𝑏′ values, which are
negative across all models, indicate an in-
verse relationship with the solar radiation
exergy efficiency. The magnitude of these
values points to the sensitivity of the ex-
ergy efficiency to changes in the albedo
and the intensity of solar radiation. The
differences in R-squared values among the
sites suggest that certain regions like Chi-
ang Mai have more consistent solar radia-
tion patterns compared to others like Ubon
Ratchathani. This could be due to a variety
of factors, including geographical position,
local climate, and seasonal weather varia-
tions.

Overall, the regression constants and
R-squared values obtained from our models
provide a robust framework for predicting
solar radiation exergy efficiency in Thai-
land. The insights gained from this study
can be utilized to optimize the design and
operation of solar energy systems, ensuring
they are tailored to the specific solar profiles
of each location.

Furthermore, the distinct patterns ob-
served in the VIS bands of the Himawari-
8/AHI data underline the importance of
considering spectral differences in solar ra-
diation for more precise energy forecasts.

For the four study sites, the main
findings are as follows from the data pre-
sented in Tables 3 and the differences be-
tween observed and predicted values illus-
trated in Fig. 4 for seven station.

The model testing using 2017 data
for the assessment of solar radiation exergy
efficiency yielded statistical indicators, as
shown in Table 3. This testing aimed to
evaluate the predictive strength of the mod-

Fig. 4. Calculation and forecast values of
Global Solar radiation exergy of stations in
Thailand.

els defined by the regression constants from
Table 2 for various stations in Thailand.
The models were based on the VIS bands of
the Himawari-8/Advanced Himawari Im-
ager (AHI) for three different wavelengths:
the blue band (B01) at 0.46 µm, the green
band (B02) at 0.51 µm, and the red band
(B03) at 0.64 𝜇m.

For Chiang Mai, the models demon-
strated relatively low root mean square de-
viations (RMSD) ranging from 0.90 to 0.91,
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Table 3. Statistical indicators of Global Solar radiation exergy model for stations.

Site Area Model RMSD RMSD(%) MBD MBD(%)
Chiang Mai B01 0.91 5.5 0.3 1.83

B02 0.9 5.47 0.27 1.61
B03 0.9 5.42 0.21 1.3

Nakhon B01 0.88 5.05 0.79 4.54
Pathom B02 0.84 4.84 0.74 4.25

B03 0.75 4.33 0.6 3.47
Ubon B01 0.51 3.05 -0.13 -0.77
Ratchathani B02 0.51 3.06 -0.14 -0.84

B03 0.55 3.28 -0.23 -1.36
Songkhla B01 0.98 5.38 -0.59 -3.27

B02 1 5.52 -0.31 -1.73
B03 0.89 4.9 -0.31 -1.69

and RMSD percentages between 5.42% to
5.50%, indicating close agreement with the
observed values. The mean bias deviation
(MBD) for Chiang Mai was positive across
all bands, suggesting a slight overestima-
tion of the solar radiation exergy by the
models.

In Nakhon Pathom, the RMSD val-
ues varied from 0.75 to 0.88 with RMSD
percentages from 4.33% to 5.05%, which
were lower than those for Chiang Mai, im-
plying a more accurate model prediction for
this area. However, the MBD was notably
higher, especially in B01, indicating a more
substantial overestimation in solar radiation
exergy.

Ubon Ratchathani showed the low-
est RMSD values among all sites, rang-
ing from 0.51 to 0.55, with corresponding
RMSD percentages from 3.05% to 3.28%,
reflecting the highest model accuracy. In-
terestingly, the MBD values were negative,
which means the models tended to under-
estimate the solar radiation exergy for this
site.

Songkhla’s models yielded the high-
est RMSD values, from 0.89 to 1.00, with
RMSD percentages between 4.90% and
5.52%. The MBD for Songkhla was neg-

ative across all models, with a substantial
deviation in B01, indicating a consistent un-
derestimation of solar radiation exergy.

The statistical analysis of the solar ra-
diation exergy models for the year 2017 re-
veals a consistent pattern of model perfor-
mance across different regions of Thailand.
Chiang Mai’s models showed a slight over-
estimation bias but maintained a good fit as
indicated by the low RMSD values. The
trend of overestimation could be due to the
models’ sensitivity to certain climatic pa-
rameters that might be more pronounced in
the northern region.

Nakhon Pathom’s results, while
demonstrating a more accurate RMSD,
also showed an overestimation trend, albeit
at a higher bias compared to Chiang Mai.
This could reflect a regional specificity that
might not have been fully captured by the
model’s parameters.

Ubon Ratchathani’s negative MBD
values suggest that the models may need
further refinement to account for local
atmospheric or environmental conditions
leading to an underestimation of the solar
radiation exergy. The low RMSD values,
however, suggest that the models are on the
right track and, with adjustments, could po-
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tentially offer highly accurate predictions.
Songkhla’s models, despite having

the highest RMSD, indicate a need for
model adjustment to account for the under-
estimation of solar radiation exergy. The
coastal climate’s variability, including fac-
tors such as aerosol content and cloud
cover, may be influencing the accuracy of
the models.

Overall, the statistical indicators sug-
gest that while the models are robust, re-
gional adjustments are necessary to enhance
accuracy. The positive and negative biases
inMBDhighlight that themodel parameters
are sensitive to local environmental condi-
tions, whichmust be carefully considered in
model calibration. The study underscores
the importance of localized model valida-
tion and the potential need for regional-
specific calibration to ensure the models’
efficacy in predicting solar radiation exergy
with high precisio.

6. Conclusion
This study successfully developed

and evaluated a model for predicting global
solar radiation exergy using data from the
Himawari-8/AHI satellite, specifically ap-
plied to four key provinces in Thailand. The
findings provide valuable insights into the
accuracy and adaptability of solar radiation
exergy models under diverse climatic con-
ditions. The major results of this investiga-
tion are as follows:

• The developed model demonstrated
high accuracy with R-squared values
ranging from 0.78 to 0.91, showing
reliability in predicting solar radia-
tion exergy across different regions.

• The Root Mean Square Deviation
(RMSD) values varied between 0.51
and 1.00, indicating themodel’s close
agreement with observed data. The

Mean Bias Deviation (MBD) ranged
from -0.59 to 0.79, showcasing slight
regional overestimations or underes-
timations that highlight the need for
adjustments.

• The use of actual planetary albedo as
a primary input provided a novel and
effective approach for estimating so-
lar radiation exergy, minimizing the
need for ground-based radiation data.

• Thismodel is suitable for regional en-
ergy planning and development, pro-
viding a pathway for the creation
of national-level solar exergy maps,
which can guide the more efficient
utilization of solar energy across both
urban and rural areas.

• The study underscores the impor-
tance of further refining models to
better handle local climatic factors,
such as cloud cover and aerosol con-
tent, to enhance prediction accuracy.
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Table 4. Nomenclature

𝐻𝑒𝑥𝑒𝑟𝑔𝑦 Global solar radiation exergy (MJ/m2)
𝐸𝑒𝑥 Exergy of solar radiation (MJ/m2)
Ψ Solar radiation exergy efficiency
𝐺𝑠𝑐 Solar constant (1367 W/m2)
𝐻0 Monthly average daily extraterrestrial solar radiation (MJ/m2)
𝐻 Global solar radiation (MJ/m2)
𝐸0 Correction factor for the variation of the Earth-Sun distance
𝛼𝑝 The actual planetary albedo
𝑇𝑠 Solar temperature (6000 K)
𝑇0 The average daily ambient temperature for each month (◦C)
𝑎, 𝑏 Empirical constants in regression analysis (dimensionless)
𝜙 Latitude of the measuring station (degrees)
𝜔𝑠 Sun hour angle at sunset (degrees)
𝛿 Solar declination (degrees)
𝑑𝑛 Day number in the year, from 1 on January 1 to 365 on December 31
B01 Blue band of the Himawari-8/AHI
B02 Green band of the Himawari-8/AHI
B03 Red band of the Himawari-8/AHI
R2 Coefficient of determination
RMSD Root Mean Square Deviation (MJ/m2)
RMSD (%) Percentage of Root Mean Square Deviation (%)
MBD Mean Bias Deviation (MJ/m2)
MBD (%) Percentage of Mean Bias Deviation (%)
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