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Abstract

Background and Objectives: Water is one of the constituents of the atmosphere, being abundant at the surface and
in small quantities in the stratosphere. Generally, atmospheric water vapor exists in solid, liquid, and gaseous states.
The gaseous state known as water vapor is important to the physical, chemical, and various processes that occur
in the atmosphere, such as its ability to absorb solar radiation transmitted to the earth, its ability to absorb infrared
radiation emitted from the earth, its role in the size and composition of hygroscopic aerosol particles, affecting the
optical properties of aerosols, and being naturally occurring greenhouse gas, and etc. Furthermore, atmospheric
water vapor is vital for the formation of cloud and rain, as it can remove dissolved gases and aerosols from the
atmosphere. It is also important for energy transformation processes in the atmosphere between continents and
oceans for regional or climate-sensitive radiation balance. Therefore, the amount of atmospheric water vapor is a
key variable for hydrology, ecosystem, climate, and global climate change. Thus, itis necessary to monitor, measure
and study the changes in the amount of atmospheric water. Atmospheric water content can be expressed in several
forms, such as absolute humidity, relative humidity, specific humidity, mass mixing ratio, volume mixing ratio, and
total precipitable water in the atmospheric column, and etc. These quantities are derived from direct measurements
using instruments or indirect methods employing models or calculations from other variables. Currently, instruments
for measuring atmospheric water content remain expensive, leading to limited and discontinuous measurement
coverage. Consequently, the objective of this study is to estimate monthly average atmospheric water from long-
term ground-based meteorological data using Atrtificial Neural Network (ANN).

Methodology: The study area was defined as three locations with continuous measurement of atmospheric water
and ground-based meteorological data: the northern meteorological center, Chiang Mai province (18.98N, 98.98E);
the northeastern meteorological center (lower part), Ubon Ratchathani province (15.25N, 104.87E); and the
southern-east coast meteorological center, Songkhla province (7.20N, 100.60E). The data utilized for the study,
covering the period 2008 — 2024, include: (1) Monthly average TPW measured by ground-based sunphotometer of
the Aerosol Robotic Network (AERONET), National Aeronautics and Space Administration (NASA); (2) daily average

ground-level ambient air temperature measured by the Thai Meteorological Department (TMD); (3) daily average
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ground-level ambient air relative humidity measured by the TMD; (4) monthly average saturated water vapor
pressure calculated from the Improved Magnus Formula using monthly average ground-level ambient air
temperatures and relative humidity; and (5) month of the year (as an ordinal variable). The daily average ground-
level ambient air temperature and relative humidity with more than or equal to 15 days/month were averaged to be
used as the monthly average of that month, while months with less than 15 days/month of such data were not
considered. The relationship between input and output variables and between input variables were then analyzed
using the Pearson correlation coefficient (or Pearson product-moment correlation coefficient, r) via Python
programming language through Google Colaboratory. Data from 2008 — 2021 were used for model development
and data from 2022 — 2024 for model testing using the WEKA software. Finally, the model performance was
evaluated with the Mean Bias Error (MBE), Root Mean Squared Error (RMSE), and coefficient of determination (R
in Microsoft Excel.

Main Results: The analysis of the relationship between the input variables (monthly average ground-level ambient
air temperature, monthly average ground-level ambient air relative humidity, monthly average saturated water vapor
pressure, and month of the year (as an ordinal variable) and the output variables (monthly average TPW) showed
that the Pearson correlation coefficients at Chiang Mai, Ubon Ratchathani, and Songkhla stations were in the range
of 0.36 — 0.64, 0.29 — 0.52, and 0.17 — 0.44, respectively. This result showed that the input and output variables
were a weak to moderate positive relationship. Moreover, the relationship between input variables also were a weak
to moderate positive and negative relationship. The results of ANN model derived from these relationship levels
showed that each station had 2 hidden layers. The number of nodes in the hidden layers were 5 and 2 for Chiang
Mai, 8 and 5 for Ubon Ratchathani, and 8 and 5 for Songkhla. The results of the model performance evaluation of
these stations found that the model can estimate the monthly average atmospheric water content with accuracy of
MBE values of -0.89%, -1.23%, and 1.04%, respectively, RMSE values of 4.21%, 4.85%, and 5.34%, respectively,
and R? values of 0.98, 0.95, and 0.81, respectively.

Conclusions: From the atmospheric water content estimation using the ANN model, it was found that the overall
MBE, RMSE, and R* were -0.39%, 4.83%, and 0.95, respectively. The results of the study showed that, despite low
to moderate correlation between variables, the utilization of long-term data allows the proposed model to estimate
the monthly average atmospheric water content with high level of accuracy compared to other similar studies (in
terms of location and variables).

Keywords: ANN model; atmospheric precipitable water; atmospheric precipitable water estimation

*Corresponding author. E-mail: sattra.sirikaew@gmail.com
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Figure 1 Installation of sunphotometer at meteorological centers in this study
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Waridusing 7 FuanePNdNTUg TN uwilsBunmiusauLlseinAreszLY (Janjai, 2017)
ﬂi:mmﬁﬂuLﬂuﬂixmumamm@uﬁqmm“%qﬁmﬁﬁﬁmﬁﬂuﬁuLm@@‘ﬂazmmmmmwmugwﬂ“ﬂmﬂ
WU ENM9IIuIestsza s N N T uanglAAY Figure 2 An Figure 2 dszanmiiax 1 sy axdudeya
Bunmrng 7 w0 mnﬁu%@mﬁqaﬁqmqﬁmﬁﬂ (w) memmmmmm@.mmm%uwmﬁuﬁqdqqﬁmﬁmﬁ@uﬁu
UINEREFQLLILBNANNLENLREN (Bias parameter) mn&mxmm@LﬁﬁiﬂLﬂuﬁqLLﬂiﬁmmmﬂqrﬁuﬂizﬁu (Activation
function) udalfewimeanuiiledesielllflsramiiiandu 1 laseaildandssamifonaunmnidoulug

aunslaReannig (2) (Janjai, 2017; Patterson, 1998)

y:f[b+2wixi) (2)

\Wa y A wiviwpseslszamiion D Ae fudsuenanuewdes X, Ae doudsduns® i (1=1,2,3, .,

n) war W; Ae Ardasiwinduiusoudstunmd i

Synaptic
Inputs weights
Xy —»

Summation Activation
function function
X, 4% Output
J' J' f(x) Vv
Bias
X, —»
(b)

Figure 2 Structure of the feedforward neural network approach algorithm

Werdunsyfuillananadaridu wu Weridudadu (Linear function) Warfduaiaanrin (Threshold function) uaz

a -

Warfdu@nuesst (Sigmoid function) 16w (Sharma et al., 2017; Szandata, 2021) lunsAnunilanziRdaaenld

Herffugnuesslaeannnndeulasagunig (3) (Patterson, 1998)

1

F(X)=1rg= (3)

e X fe Bunnvesiaridy
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Figure 3 Structure of a multi-layer perceptron neural network
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dszaminansiadeyadunnuasdeyataninninguen nisdnuiiaenldisnisiinasuuuudaundy (Back

q
'

propagation algorithm) FIULNUNINIENTHNABUAINANIUAAIAY Figure 4 naafAaLilatlaudayadunmidnlyly

TasvdnedszaminenudalasadnalszanianazawrAievinenidunadnsaanun antiuBaumnaunadnsy b

|
= v o
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a
' [ ' 1

whntinzesszaminisniveAunnadns il Tngvinaugiaunsziarauaaanaouet lunnsmaeniu it
nstnaeu InglassdnadszamiianazananAndasininangaiinaf ladmiuin ludseynsildann nannpedunen

nsihlassdnatlsyaniannlasunisidnaeuudalivnadnsisldandayadunngnlud (Janjai, 2017)

Actual output
Artificial neural

Predicted
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Weight adjustment
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Figure 4 Diagram of back propagation algorithm
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19unsu WEKA (2iaunann Waikato Environment for Knowledge Analysis) Failutensunfidadas: (Open source
software of freeware) FiamnTagamAnande Waikato Ussinaiing uaus lusensua i wiuns AU Faug
vaupTatuaznavinmilasdaya (Data mining) Feldeutiudausiadsrarunainiudidsitentiae GUI (Graphic
user interface) (Frank et al., 2016)

TuduaaunNTaLLLSaegae TN TN WEKA asfvunditansuam 2 futeu siieananydudasy
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Figure 5 Monthly average PW during 2008 to 2024
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Figure 6 Heatmap of Pearson’s correlation coefficient matrix
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wazAuE A.89781 HA 0.049 cm Wea 1.04% UUEfAT RMSE 289usiazAue™ AInanailan 0.028 cm (4.21%) 0.048

cm (4.85%) WAz 0.062 cm (5.34%) AMNA1FL LAy R? A1 0.98 0.95 LAy 0.81 ANNATAL LAAIAA Table 1 wanannil
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Figure 7 ANN model structure of CM (left), UB (right), and SK (right) from WEKA
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Table 1 MBE, RMSE, and R? for ANN model

Train Test Activation MBE RMSE
Stations — N7 R’
(year) (year) n ' Function (cm) (%) (cm) (%)
Buntoung et al., (2021)
Chiang Mai (CM) 5 2 24 4,3 Sigmoid 0.074 1.98 0.29 7.75 0.96
Ubon Ratchathani (UB) 5 2 19 4,3 Sigmoid -0.146  -3.26 0.31 7.01 0.92
Songkhla (SK) 5 2 19 4,3 Sigmoid -0.003 -0.06 0.34 711 0.57
This study
Chiang Mai (CM) 14 3 25 8,5 Sigmoid -0.035 -0.89 0.028 421 0.98
Ubon Ratchathani (UB) 14 3 19 5,2 Sigmoid -0.056 -1.23 0.048 485 0.95
Songkhla (SK) 14 3 18 5,2 Sigmoid 0.049 1.04 0.062 534 0.81
All stations - - 62 - - -0.017 -0.39 0.044 483 0.9

* stands for the number of nodes in ith hidden layer

Discussion

o
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Figure 8 Comparison between monthly average PW from
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multilayer perceptron ANN model and the
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